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Abstract—Batch active learning (BAL) is a crucial technique
for reducing labeling costs and improving data efficiency in
training large-scale deep learning models. Traditional BAL
methods often rely on metrics like Mahalanobis Distance to
balance uncertainty and diversity when selecting data for an-
notation. However, these methods predominantly focus on the
distribution of unlabeled data and fail to leverage feedback
from labeled data or the model’s performance. To address these
limitations, we introduce TrustSet, a novel approach that selects
the most informative data from the labeled dataset, ensuring
a balanced class distribution to mitigate the long-tail problem.
Unlike CoreSet, which focuses on maintaining the overall data
distribution, TrustSet optimizes the model’s performance by
pruning redundant data and using label information to refine
the selection process. To extend the benefits of TrustSet to the
unlabeled pool, we propose a reinforcement learning (RL)-based
sampling policy that approximates the selection of high-quality
TrustSet candidates from the unlabeled data. Combining TrustSet
and RL, we introduce the Batch Reinforcement Active Learning
with TrustSet (BRAL-T) framework. BRAL-T achieves state-of-
the-art results across 10 image classification benchmarks and
2 active fine-tuning tasks, demonstrating its effectiveness and
efficiency in various domains.

Index Terms—active learning, reinforcement learning

I. INTRODUCTION

In the era of deep learning, large-scale labeled datasets are
indispensable for training models on complex tasks. Active
learning (AL) provides an efficient approach to reduce the
labeling costs by intelligently selecting critical subsets from
unlabeled data for annotation [1–3]. Batch active learning
(BAL) [4], a variant of AL, further improves this process by
selecting data points in groups (batches), thereby reducing
the overhead associated with model retraining and oracle
interactions.

In most modern BAL methods, the selection strategy is
typically based on two factors: uncertainty and diversity.
Uncertainty-based methods focus on choosing the most am-
biguous or difficult data, which is likely to improve the model,
but this often results in selecting redundant data that doesn’t
sufficiently cover the data distribution [5]. On the other hand,
diversity-based methods aim to ensure a representative subset
by covering as many different types of data as possible,
but they may neglect critical uncertain samples near the
decision boundaries. For instance, CoreSet [6] selects subsets
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that reflect the overall data distribution, ensuring diversity
by minimizing the distance between the selected subset and
the full dataset. While methods like Cluster-Margin [4] com-
bine diversity and uncertainty to improve data selection, they
still have limitations, such as overlooking feedback from the
labeled dataset, ignoring class distribution, and potentially
inheriting the long-tail distribution problem.

To address these challenges, we propose TrustSet, a novel
data selection approach that distinguishes itself from CoreSet
by emphasizing the utilization of label information. TrustSet
focuses not only on ensuring diversity but also on selecting
data that is most beneficial for improving the model’s perfor-
mance and releasing class imbalance problem. TrustSet differs
from CoreSet in two ways:

Objective: TrustSet is designed to optimize the model’s
performance, with an explicit focus on improving accuracy
and tackling the long-tail distribution problem by selecting
crucial data that has a high potential to be forgotten by the
model [7]. In contrast, CoreSet focuses on representing the
full data distribution without directly considering the impact
on the model’s learning process, which can lead to inheriting
undesirable distributional imbalances.

Data Source: TrustSet leverages labeled data, utilizing
ground truth labels to prune redundant and noisy data and
ensure that the selected subset is balanced across classes.
This approach contrasts with CoreSet, which selects data
purely from the unlabeled pool, without considering feedback
from the trained model. As a result, CoreSet-based methods
can miss the opportunity to incorporate critical information
about the model’s current performance, potentially leading to
suboptimal data selections.

TrustSet’s balanced class distribution ensures better han-
dling of the long-tail distribution problem, where under-
represented classes are more likely to be included in the
training process. To construct TrustSet, we use the GradNd
method [8], which ranks data based on the gradient norms of
model updates, prioritizing data points that contribute most to
model learning. Furthermore, to improve the data quality, we
incorporate SuperLoss [9], which follows curriculum learning
strategy to assign higher importance to easier data in early
training stages, while still considering difficult samples later.

However, extending the TrustSet concept to the unlabeled
data pool presents a challenge, as the selection process requires
label information. To overcome this, we introduce an RL-
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Fig. 1: An overview of the BRAL-T framework, which
consists of two main processes: (1)Active Learning, where
data is selected for labeling and used to train the model.
(2)Reinforcement Learning, where a policy network learns
to approximate TrustSet selection from unlabeled data pool.

based policy for approximating the selection of high-potential
TrustSet candidates from the unlabeled data pool. Unlike
previous RL-based active learning approaches, which often
require frequent retraining of the model and rely heavily on
complex reward structures [10, 11], our method minimizes
retraining costs by leveraging TrustSet to guide the reinforce-
ment learning process.

To this end, we propose a novel batch active learning frame-
work called BRAL-T (Batch Reinforcement Active Learning
with TrustSet extraction), which integrates TrustSet and RL-
based policies for efficient data selection. The framework
consists of two primary components: (1) TrustSet extraction,
which ensures that the labeled dataset contributes optimally
to model performance and maintains a balanced class distri-
bution, and (2) RL-based subset selection, where a learned
policy selects from the unlabeled data pool to approximate
TrustSet. This significantly reduces the need for repeated
oracle queries and model retraining. As shown in Fig.1,
BRAL-T is implemented with two processes: reinforcement
learning (RL) for policy training and active learning (AL) for
model training.

Our contributions are summarized as follows:
• We introduce TrustSet, a novel method for data selection

that leverages label information to balance uncertainty,
diversity, and class distribution, thus releasing class im-
balanced issue and improving performance of AL.

• We develop an RL-based data selection policy that
bridges the gap between TrustSet’s label dependency and
the unlabeled setting of active learning, allowing for more
efficient and targeted data selection.

• We propose BRAL-T, a new batch active learning frame-
work that integrates TrustSet and RL to reduce the
computational burden of active learning while improv-
ing model performance. We demonstrate that BRAL-
T achieves state-of-the-art performance across multiple
image classification and active fine-tuning tasks.

II. RELATED WORK

Batch Active Learning: Active learning aims to reduce la-
beling costs by selecting informative data based on uncertainty
and diversity. Recent works [12–18] highlight the uncertainty-
diversity trade-off, where uncertainty-focused methods risk

redundancy, and diversity-based methods may overlook critical
uncertain samples. Batch active learning approaches [4, 11,
16, 19, 20] concentrate on batch sampling to reduce costs and
preserve subset distribution. They prefer batch data processing
over individual sample handling. BatchBald [19] addressed
the lack of joint informativeness in batch sampling with an
entropy-based selection. Cluster-Margin [4] used Hierarchical
Agglomerative Clustering to identify highly uncertain samples
at scale. Despite their success in computer vision tasks,
existing methods overlook feedback from selected samples,
such as accuracy changes, which could be crucial for refining
data sampling strategies.

Active Learning with RL: RL has been explored to learn
data selection policies [10–12, 21–23]. Some approaches [10,
21–23] defined rewards based on target model metrics (e.g.,
accuracy, AUROC), requiring frequent retraining and suffering
from credit assignment issues. Instead, [12] used the Maha-
lanobis distance for reward definition, while TAILOR [11] for-
mulated class balance as a reward signal. However, the former
is task-specific (Re-ID), and the latter does not directly align
with model accuracy. To address these limitations, we propose
an RL-based active learning approach that avoids retraining
while maintaining high correlation with task performance.

III. PROBLEM DEFINITION

In this section, we formally define the active learning
problem in batch setting, following [20], and introduce the
TrustSet selection problem. We consider an C-class classifica-
tion task over a compact input space X and a label space
Y = {1, . . . ,C}. Our goal is to train a target model Mθ

with parameters θ to optimize a loss function ℓ(Mθ(x), y) :
X×Y → R, where ŷ = Mθ(x) refers to the predicted category
by the target model and cross entropy loss is widely used as ℓ
in classification task. In practice, we assume a large collection
of data points sampled i.i.d. over the space Z = X × Y as
{xk, yk}k∈[n] ∼ pZ , where n refers to the total amount of
data points and [n] = {1, 2, . . . , n}.

For active learning problem, we further define the labeled
dataset with |L| data points as L = {xk, yk}|L|

k and the
unlabeled data pool with |U | data points as U = {xk}|U |

k . In
general, |L| ≪ |U | and L∩U = ∅. For the i-th active learning
iteration, the labeled and unlabeled dataset are defined as Li

and Ui respectively. We aim to select a data subset SUi
⊆ Ui to

be labeled by an oracle and added to the current labeled dataset
Li forming an enhanced labeled dataset Li+1 = Li ∪ SUi .
We abbreviate SUi as Si for readability in the rest of the
paper. Training on Li+1, the model MθLi+1

with the trained
parameter θLi+1

is expected to achieve the best performance
across all possible choices of Si which can be formulated as
the following Eq.1:

S∗
i = argmin

Si⊆Ui:|Si|≤b

Ex,y∼pZ [ℓ(MθLi+1
(x), y)] (1)

where S∗
i refers to the optimal data subset for active learning

and b refers to the size of data subset that needs to be selected
in each iteration. As a result, Eq.1 indicates that we aim to



select a data subset Si from Ui to enhance Li such that the
trained model MθLi+1

achieves the minimal loss value.
Directly solving the above optimization problem is chal-

lenging due to the large number of possible choice of Si from
Ui. To address this, we consider an ideal scenario where label
information for Ui is available and analyze the entire dataset
D = Li ∪ Ui to identify the most important samples that
contribute to model training. Formally, we define the TrustSet
TD to be the important data of D as the following Eq.2:

TD = argmin
SD⊆D:|SD|≤bT

Ex,y∼pZ [ℓ(MθSD
(x), y)]

s.t. balance(SD)
(2)

where SD refers to a data subset selected from D and we
require SD to be balanced across C categories for TrustSet se-
lection to alleviate long-tail distribution problem; MθSD

refers
to the model trained on SD and bT refers to the predefined
size of TrustSet. Eq.2 indicates that given the limited size of
data subset, TD contains the most useful information from the
dataset to train the model. Combining with Eq.1, we instead
select S̃i from the unlabeled data pool Ui for active learning
as:

S̃i = argmin
Si⊆Ui,|Si|≤b

d(Si, TD ∩ Ui) (3)

where d(·, ·) indicates a statistical distance function (e.g.
Wasserstein Distance) for two distributions and we aim to
select a data subset that has a distribution similar to TD ∩Ui.
As TD contains the most significant data points for model
training, enhancing Li with such data points could also ben-
efit the performance of the trained model. As a result, S̃i,
which approximates TD ∩Ui, also contributes to a significant
improvement of model training. Compared to Eq.1, TrustSet
is more reliable due to the use of annotation labels and
the balance requirement releases the class imbalance problem
of collected labeled dataset. Additionally, Eq.2 can be more
straightforwardly solved using data pruning methods [8].

However, label information of Ui is not available under the
active learning assumption. To solve this problem, we train
a data selection policy πϕi

with RL method on the labeled
dataset Li, learning to select S̃i as an approximation of TD ∩
Ui. In the i-th iteration, we create an environment similar to
the active learning setting by randomly sampling two subsets
L and U from labeled dataset Li, where the labels of L are
retained to simulate labeled dataset while the labels of U are
omitted to simulate unlabeled dataset. The whole dataset in
this environment is then defined as D = L ∪ U , ensuring
L ∩ U = ∅ and |L| ≪ |U|. Although we omit the labels of U
for active learning purpose, we can still leverage the label to
extract TD. Taking L and U as input, πϕi

is trained to select
a subset S from U , with the reward defined as:

R = −d(S, TD ∩ U) (4)

where S = πϕi
(L,U) and we optimize the parameters ϕi to

minimize the statistical distance between TD ∩ U and S. In
this way, πϕi learns to select data from the unlabeled dataset
that has a high potential to be included in the TrustSet based
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Fig. 2: Details of BRAL-T: active learning and RL processes.

on the feature space. After training, πϕi
is applied to the real

unlabeled data pool Ui to select Si = πϕi
(Li, Ui).

In general, for each active learning iteration, we solve Eq.1
in two processes as shown in Fig.2. In the active learning
process, data subset Si is selected by πϕi(Li, Ui) and passed
to the oracle for annotation. The model Mθ is then trained
on the enhanced labeled dataset Li+1. Moreover, the new
unlabeled data pool Ui+1 is achieved by eliminating Si from
Ui and the TrustSet Ti is extracted from Li+1 by solving Eq.2
to facilitate the next RL process. In the RL process, we create
the environment based on Li and train πϕi

using the reward
function defined in Eq.4.

IV. METHOD

In this section, we introduce BRAL-T framework in detail.
We first introduce a TrustSet construction method based on
GradNd score [8]. Then, we illustrate the details of the RL
module and describe how we use the learned policy to select
subsets from the unlabeled pool.

A. TrustSet

In general, the TrustSet should retain important data and
tend to be class-balanced. However, it is almost impossible to
directly solve Eq.2 due to the large size of labeled dataset and
time-consuming of MθSD

training. As a result, we introduce a
TrustSet extraction method based on the GradNd score [8] by
analyzing the performance of model trained on entire trainset
L rather than selected subset S. This score is defined as the
expected value of the gradient norm term with respect to a
differentiable model and a data sample x:

GradNd = E∥
K∑

k=1

∇
M

(k)
θ

ℓ(Mθ(x), y)
T∇θM

(k)
θ (x)∥ (5)

In this equation, K denotes the number of logits, Mθ(x) ∈ RK

refers to the output of model and M
(k)
θ (x) represents the result

of the k-th logit from the model Mθ. For instance, in an image
classification task, ℓ represents the cross-entropy loss, K = C
is the number of categories, and M

(k)
θ (x) is the logit output for

the k-th category. Data samples that result in a large gradient
value tend to contain information that the model has not yet
learned, as the model would update significantly based on such
data. As demonstrated by the experimental analysis from [8],
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data with a higher GradNd score tend to be forgotten samples
for the target model during training and are more important
for further training. However, the GradNd score might lead
to a class imbalance problem when the data subset primarily
contains difficult images for certain categories. To mitigate the
long-tail distribution problem, we sort data by class using the
GradNd score and select the top-N data for each category. For
the image classification task, we follow [8] in omitting the
term ∇θM

(k)
θ (x) from Eq 5 and calculate the EL2N score to

approximate GradNd.
Curriculum Learning: Data with high GradNd scores tend

to be difficult and uncertain samples. As suggested by previous
works [4, 16, 18], a training set focusing on uncertainty could
result in high redundancy and fail to train a model that cap-
tures general features. We reconsider this issue from another
important perspective. Difficult samples contain noise that can
interfere with model predictions and increase the difficulty for
the model to learn the boundaries between categories. With a
limited amount of data, easy examples could help the model
capture features and cluster data within the same category.
Following the principles of curriculum learning [9, 24], we
assign larger weights to easier data samples in the early active
learning iterations and leverage Super Loss [9] on top of the
task loss ℓ. For each data sample (x, y), the super loss ℓs is
defined as:

ℓs(Mθ(x), y) = (ℓ(Mθ(x), y)− τ)σ + λ(log σ)2 (6)

where τ is the threshold for separating easy and hard samples,
and λ is the weight of the regularization term. Both τ and λ are
hyperparameters, while σ is learnable and indicates the weight
assigned to the task loss. To minimize ℓs, data with task loss
ℓ < τ will be assigned a larger weight σ, and data with ℓ > τ
will be assigned a smaller weight σ. Since model training on
uncertain data typically results in larger losses compared to
easier data, super loss adaptively adjusts the weight for data
samples. Meanwhile, the scale of σ is determined by λ. As λ
increases, the value of σ tends to be 1 and has less effect on
the task loss. Specifically, when λ → ∞, σ will always be 1
to minimize the regularization term, making ℓs equal to ℓ− τ .
In the following sections, TD refers to the TrustSet with Super
Loss unless explicitly stated.

B. Reinforcement Learning

The TrustSet is collected with label information to ensure
class balance and improved reliability. However, during the
active learning process, the policy needs to be applied to select
a subset from the unlabeled data pool Ui. To address this,
we create an environment with similar conditions and apply
reinforcement learning to train a policy for subset selection,
where the TrustSet serves as the target subset. In the remainder
of this section, we first define the state, action, and reward
for the reinforcement learning task in general, followed by an
illustration of the overall process.

State (L∗
c ,Uc). We randomly sample L as a labeled dataset

and U as an unlabeled data pool from Li to train the policy
πϕi . For each sampled dataset D = L ∪ U , we extract
TD and calculate TD ∩ U as the target selected subset. For
convenience, we define T = TD ∩U . Using all data in L and
U as input is computationally expensive and challenging for
learning an effective policy. It is beneficial to have alternative
representations. Since in classification task, data tend to cluster
based on predicted categories in feature space and T is
distributed across all clusters, it is more reasonable to predict
T using clusters as states. Thus, we define the state space as
(L∗

c ,Uc), where Uc refers to the c-th cluster from the unlabeled
data pool U , and L∗

c is a cluster from the labeled dataset L
defined as:

L∗
c = argmin

m
d(Lm,Uc) (7)

In this equation, Lm refers to the m-th cluster from L,
and L∗

c is the closest labeled cluster to Uc based on the
distance function d(·, ·). We use the Wasserstein Distance in
our reinforcement learning process. For each (L,U) sample,
there are C states, where C is the number of clusters in U . For
improved efficiency, we extract stochastic features of clusters
as input for the policy, specifically using mean and variance
as [E[L∗

c ], V ar[L∗
c ], E[Uc], V ar[Uc]].

Action Ua
c . As data in the TrustSet tend to group together

by cluster, we further divide Uc into Ac data groups, denoted
as {Ua

c }
Ac
a=1. Given (L∗

c ,Uc) as input, the policy selects the
top clusters within {Ua

c }
Ac
a=1 that have high potential to be

included in the TrustSet. Consequently, {Ua
c }

Ac
a=1 represents

the candidate action space for each state, and the union of the
selected actions forms the final selected data subset S.

Reward R. Since different Ua
c contain varying numbers

of data points, for a fixed size of S, we need to select
a varying number of Ua

c . It is more general to define the
reward based on Ua

c rather than S. We set the reward as
the negative Wasserstein distance between Ua

c and the sub-
TrustSet Tc = T ∩ Uc as:

R = −d(Ua
c , Tc) (8)

where Ua
c closer in distribution to Tc receives better reward.

We follow the DQN method [25] and illustrate the overall
RL process in Fig.3. Given the dataset L and U , we pass them
through the target model Mθi to obtain the feature space. To
construct the input state for the policy, we cluster the features
of L into M clusters, denoted as {Lm}Mm=1 and the features of



U into C clusters as {Uc}Cc=1. To generate candidate actions,
we further divide Uc into Ac clusters, denoted as {Ua

c }
Ac
a=1.

Meanwhile, we extract the TrustSet for each cluster as Tc =
T ∩ Uc.

Unlike traditional RL tasks, we consider the future effect in
curriculum learning and TrustSet selection, focusing only on
the next timestep for policy training. As a result, training the
Q-function is equivalent to training the reward function Rϕ

as:
R̃ = Rϕ(Uc,L∗

c ,Ua
c ) (9)

where R̃ refers to the predicted reward value by Rϕ and
ϕ refers to the parameter of the reward function. And ϕ is
updated by the Mean Square Error (MSE) loss as:

lRL = E(Uc,Ua
c )∥R− R̃∥ (10)

During reinforcement learning, we calculate the reward for all
candidate actions and states to optimize the reward function
Rϕ. During the active learning process, for each unlabeled
cluster Uc in the real unlabeled data pool U , we predict
the reward for all candidate actions Ua

c and select them in
descending order based on the reward score until the fixed
size of subset selection is satisfied.

It is worthwhile to note that for each (L,U) sampled from
L, Mθ needs to be retrained on D = L ∪ U to extract the
TrustSet TD as well as T , since the most important data for
the model may vary depending on the labeled training set.
To avoid the time-consuming process of frequent retraining,
we approximate the extraction of TD by reusing MθLi

which
has been trained on Li in the i-th active learning iteration.
This is justified by the fact that D is randomly sampled from
Li and our main objective is to enhance Li based on the
performance of MθLi

in the i-th active learning iteration. The
only requirement is to retrain the policy from scratch for each
active learning iteration. In practice, we extract Ti from the
entire labeled set Li and extract T by taking the intersection
between U and Ti as T = Ti

⋂
U for efficiency.

V. EXPERIMENT

In this section, we evaluate our proposed BRAL-T method
on the image classification task and compare our results with
previous active learning baselines, following the experimental
settings of [1]. Additionally, we also evaluate BRAL-T on the
active fine-tuning task [26] and compare it with the current
state-of-the-art method, ActiveFT.

A. Image Classification Results

Datasets: We evaluated BRAL-T on the image classification
task across 8 benchmarks, including Cifar10, Cifar100 [27],
Cifar10-imb, EMNIST [28], FashionMNIST [29], BreakHis
[30], Pneumonia-MNIST [31] and Waterbird [32, 33]. To
create the Cifar10-imb dataset, we subsampled the training
set of Cifar10 with ratios of 1:2:...:10 for classes 0 through 9.

Baselines: We compared BRAL-T with three base-
lines, LossPrediction [34], WAAL [35] and RandomSample.
LossPrediction employs an additional module that predicts

the loss for each data point. WAAL adopts min-max loss
to better distinguish labeled and unlabeled samples while
searching unlabeled batch with higher diversity than labeled
samples. According to the experiments in [1], among all the
methods, LossPrediction and WAAL achieve best results in
6 benchmarks and competitive results in other 2 benchmarks,
therefore we select them as our baselines. For RandomSample,
we randomly selected a subset from the unlabeled dataset in
each active learning iteration. Besides, we visualized accuracy-
budget curve on Cifar10, Cifar10-imb, Cifar100 and Fash-
ionMNIST benchmarks and compared with LossPrediction,
WAAL, VAAL [14], BADGE [13], CoreSet [1], Cluster-
Margin [4], BALD [36] and KMeans [13]. To ensure a fair
comparison, we used ResNet18 [37] as the target model.

Evaluation Metrics: For all benchmarks, we report evalu-
ation results using two metrics: area under the budget curve
(AUBC) [38, 39] and final accuracy (F-acc). AUBC refers
to the area under the accuracy-budget curve. Methods with
a higher AUBC score achieve better overall performance
across different sizes of the training set. F-acc refers to the
final accuracy achieved after the budget Q is exhausted. The
experiments for BRAL-T and the baselines were repeated for
3 trials under different random seeds, and the average of the
evaluation results are reported.

Experiment Results: The experimental results on 8 bench-
marks are presented in Table I. BRAL-T significantly outper-
forms RandomSample under all benchmarks. Compared with
WAAL and LossPrediction, BRAL-T achieves better AUBC
as well as F-acc on all benchmarks. In Fig.4, we visualize
the accuracy-budget curves of BRAL-T and baselines on 4
benchmarks. BRAL-T consistently achieves higher accuracy
throughout the entire active learning process for Cifar100 and
FashionMNIST. In early active learning iterations of Cifar10
and Cifar10-imb, BRAL-T has a bit worse accuracy compared
with WAAL, the reasons of which could be attributed to
WAAL’s emphasis on diversity. However, without adequate
consideration for uncertainty cause performance diminishing
of WAAL when the size of labeled dataset increases. As com-
parison, LossPrediction focuses solely on uncertain data with
high predicted loss, neglecting the diversity of the selected
subset, which results in bad performance in early stage.

B. Active Learning on More Long-tail Datasets

Dataset. Besides the aforementioned benchmarks, in this
section, we focus on long-tail datasets, including CIFAR10-
LT and CIFAR100-LT. Both datasets are subsampled from
CIFAR datasets and the number of samples within each
classes decreases exponentially with factor within 10 and 100.
Specifically, we consider 10, 20 and 50 in our experiments.
The test images of CIFAR10-LT and CIFAR100-LT are the
same as those in CIFAR10 and CIFAR100 datasets respec-
tively. Both the two benchmarks are open-source and can be
accessed through huggingface tomas-gajarsky/cifar10-lt and
tomas-gajarsky/cifar10-lt.

Experiment Results. Besides LossPrediction, WAAL and
RandomSample, we also compare BRAL-T with SIMI-



Methods FashionMNIST EMNIST CIFAR10 CIFAR100
AUBC F-acc AUBC F-acc AUBC F-acc AUBC F-acc

LossPrediction 0.859 0.888 0.762 0.793 0.837 0.911 0.481 0.655
WAAL 0.861 0.891 0.808 0.831 0.842 0.883 0.460 0.594
RandomSample 0.844 0.874 0.804 0.828 0.832 0.902 0.517 0.650
BRAL-T 0.863 0.894 0.813 0.833 0.847 0.916 0.525 0.662

Benchmarks Cifar10-imb BreakHis Pneum.MNIST Waterbird
AUBC F-acc AUBC F-acc AUBC F-acc AUBC F-acc

LossPrediction 0.748 0.848 0.834 0.844 0.732 0.870 0.588 0.586
WAAL 0.752 0.799 0.836 0.855 0.640 0.870 0.525 0.506
RandomSample 0.710 0.810 0.834 0.832 0.706 0.652 0.586 0.502
BRAL-T 0.762 0.851 0.849 0.868 0.738 0.883 0.606 0.618

TABLE I: Experiment results of image classification task on 8 benchmarks

Cifar10 Cifar10-imb Cifar100 FashionMNIST

Number of Label DataNumber of Label DataNumber of Label DataNumber of Label Data
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Fig. 4: Visualization of experiment results on Cifar10, Cifar10-imb, Cifar100 and FashionMNIST.

Methods Cifar10-LT-r10 Cifar10-LT-r20 Cifar10-LT-r50 Cifar100-LT-r10 Cifar100-LT-r20 Cifar100-LT-r50
AUBC F-acc AUBC F-acc AUBC F-acc AUBC F-acc AUBC F-acc AUBC F-acc

TiDAL 0.510 0.619 0.435 0.583 0.343 0.460 0.398 0.450 0.365 0.420 0.320 0.373
SIMILAR 0.507 0.654 0.431 0.566 0.340 0.449 0.405 0.514 0.366 0.460 0.319 0.373
LossPrediction 0.478 0.679 0.413 0.585 0.322 0.494 0.424 0.516 0.380 0.460 0.323 0.390
WAAL 0.510 0.623 0.435 0.589 0.340 0.497 0.381 0.458 0.342 0.412 0.302 0.345
RandomSample 0.476 0.686 0.397 0.587 0.303 0.484 0.382 0.463 0.343 0.410 0.302 0.351
BRAL-T 0.512 0.686 0.440 0.614 0.322 0.490 0.432 0.517 0.384 0.462 0.328 0.391

TABLE II: Experiment results on Cifar10-LT and Cifar100-LT datasets.

LAR [40] and TiDAL [41] which are designed for active
learning in imbalanced dataset. As shown in Table II, except
for CIFAR10-LT-r50 benchmark, BRAL-T achieves the best
AUBC as well as F-acc results. As pseudo label is not
reliable especially when target model might be overconfident
in long-tail dataset, BRAL-T selects informative data with
ground-truth label to construct TrustSet which is more reliable
to reflect whether target model has sufficiently learnt from
related samples. As a result, BRAL-T always performs better
than SIMILAR. Moreover, compared with LossPrediction and
WAAL, we encourage TrustSet to be balanced which releases
the category bias problem in long-tail distribution and con-
tributes to the success of BRAL-T.

C. Active Learning for Finetuning Results

Experiment Setting: We adhere to the settings of [26] and
use Deit-Small [42], pretrained with the DINO [43] framework
on ImageNet-1k, as the target model. We chose two datasets
for fine-tuning: Cifar10-imb and TinyImageNet [44], resizing
all images to 224 × 224. For more implementation details,
we utilize ActiveFT [26] to select an 1% subset as the initial
labeled dataset and select an additional 1% of data for each
active learning iteration. The pretrained model is fine-tuned

Methods Cifar10-imb TinyImageNet
2% 3% 2% 3%

RandomSample 0.841 0.856 0.213 0.348
ActiveFT 0.838 0.851 0.289 0.359
BRAL-T 0.852 0.865 0.300 0.392

TABLE III: Experiment results of Active Finetuning task.

Baseline Cifar10 Cifar100
AUBC F-acc AUBC F-acc

PseudoScore 0.842 0.908 0.486 0.661
BRAL-DiffSet 0.843 0.909 0.521 0.652
BRAL-T w/o CL 0.845 0.906 0.522 0.662
RandomSample 0.832 0.902 0.517 0.650
BRAL-T 0.847 0.916 0.525 0.662

TABLE IV: Ablation study result on Cifar10 and Cifar100.

using the SGD optimizer for 1000 epochs with a batch size
of 512. Cosine learning rate decay is applied during the fine-
tuning phase of each active learning iteration.

Experiment Results: Experiments for all methods were
repeated across 3 trials, and the average results are reported
in Table III. BRAL-T significantly outperforms the other
baselines. ActiveFT aims to select a data subset with a



distribution similar to that of the unlabeled data pool. However,
if the unlabeled data pool suffers from problems like long-
tail distribution or contains a large number of noisy data
samples, the selected subset will likely encounter the same
issues. For instance, Cifar10-imb is a class-imbalanced dataset,
and TinyImageNet includes images that are difficult to clas-
sify. In contrast, TrustSets are defined to be class-balanced,
and curriculum learning encourages the selection of easy or
less-noisy data samples in TrustSets. Being trained with the
distribution of TrustSets, the policy with the reward function
Rϕ learns to select data samples that provide greater benefits
for model training.

D. Ablation Study

Experiment Setting: To further evaluate BRAL-T, we
conducted ablation studies to demonstrate the benefits of
the proposed modules by considering three baselines. For
PseudoScore, instead of training an RL policy, we assign
pseudo-labels to the unlabeled data pool based on the category
with the highest logit score. Data subset with top EL2N score
will be selected during active learning. For BRAL-DiffSet,
to show the effectiveness of TrustSet, We select the second-
best data group instead of the best as TrustSet. For BRAL-T
w/o CL, we remove curriculum learning and directly use the
cross-entropy loss function to calculate the EL2N score.

Experiment Results: Table IV displays the results for
the Cifar10 and Cifar100 datasets. BRAL-T surpasses Pseu-
doScore in both AUBC and F-acc as pseudo-labels are often
inaccurate, especially when the training set lacks sufficient
data to train a high-performance classifier. In contrast, se-
lecting the TrustSet based on the labeled dataset is more
reliable. Compared to BRAL-DiffSet, BRAL-T also achieves
better AUBC and F-acc scores. Base on the result, we can
empirically prove the correlation between EL2N score and
model accuracy. Moreover, the results demonstrate that the RL
policy successfully learns to select potentially important data.
Curriculum learning also plays a crucial role in the success of
BRAL-T, which aids in selecting easy examples and enhances
the performance of the target model in the initial stages, the
removal of which leads to worse results in BRAL-T w/o CL.

VI. CONCLUSION

In summary, our RL-based Active Learning framework,
BRAL-T, leverages TrustSet to more accurately evaluate dis-
tribution of labeled datasets and employs an RL policy to
learn from TrustSet. BRAL-T benchmarked against 8 baselines
across 8 image classification tasks, shows superior AUBC
and F-acc performance. Moreover, in CIFAR-LT benchmarks,
BRAL-T outperforms baselines to handle long-tail dataset.
Additionally, its application in active fine-tuning tasks reveals
new state-of-the-art results.
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