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ABSTRACT

Active learning reduces annotation costs by prioritizing the
most informative samples, however, methods that are using
fixed batch sizes can be inefficient as they fail to adjust to
variations in data and resource limitations. This challenge
becomes even more critical in resource-constraint environ-
ments, such as IoT and edge devices, where both computa-
tional power and the availability of labeled data for training
are limited. We propose Adaptive Batch Size using Rein-
forced Active Learning, a novel method that employs a dual-
strategy design to dynamically optimize batch sizes. Firstly,
the proposed method identifies performance benchmarks, in-
cluding target precision and annotation budget thresholds, by
exploring various batch sizes during an initialization phase.
These benchmarks guide the second phase, where a reinforce-
ment learning agent adjusts batch sizes in real-time, ensuring
efficient resource usage while maintaining robust model per-
formance. Evaluated on CIFAR-10, CIFAR-100, and MNIST
datasets, the proposed method demonstrates significant anno-
tation cost reductions and efficient learning, even in scenarios
with constrained computational resources and limited labeled
data.

Index Terms— Reinforcement Learning, Active Learn-
ing, Batch Size Optimization

1. INTRODUCTION

Active Learning (AL) is an approach that reduces annota-
tion costs by prioritizing the selection of informative samples.
However, it often becomes resource-intensive when applied
to large datasets or tasks requiring extensive annotations [1].
This challenge is particularly pronounced in low-resource en-
vironments, such as edge devices, where computational and
annotation budgets are severely constrained [2]. Existing AL
methods, including both uncertainty-based [3] and hybrid ap-
proaches [4], aim to maximize learning efficiency by select-
ing samples with high information gain. Techniques such as
ALFA-Mix [5] attempt to balance annotation cost and vari-
ability but often overlook the practical constraints faced in
resource-limited environments.

Reinforcement Learning (RL) provides a dynamic frame-
work to optimize AL strategies and is effective in constrained
scenarios [6]. Despite its potential, RL has not been fully

utilized for dynamically optimizing batch sizes in AL. Rein-
forced Active Learning (RAL) utilizes RL to enable dynamic,
context-aware sample selection and has demonstrated versa-
tility across fields like image classification [7], and medical
imaging [8].

Fixed-batch size methods select a constant number of
samples per iteration, often resulting in inefficiencies—either
underusing data, missing learning opportunities, or overusing
resources, leading to wasted computation and time. Addi-
tionally, they struggle to adapt to varying data complexity,
reducing the effectiveness of annotation budgets. In contrast,
adaptive batch size optimization, driven by the learning state
and resource constraints, overcomes these challenges by im-
proving both efficiency and scalability. Specifically, those
approaches [9, 10, 11] typically rely on fixed rules or heuris-
tics, which limit adaptability and require manual tuning.
More flexible methods, such as dynamic batch size scaling
for improved convergence [12], adaptive AL strategies for
sample selection [13, 14, 15], and probabilistic frameworks
for batch size optimization [16], address some limitations, but
fail to fully balance computational constraints and annotation
precision in low-resource settings. Despite its potential, RAL
for optimizing batch size remains underexplored.

To address the aforementioned challenges, we propose
ABAS-RAL, a novel method that utilizes RAL to efficiently
adjust batch sizes, enhancing adaptability and performance
during the annotation - particularly in scenarios such as online
adaptation, semi-supervised learning, or privacy-preserving
settings on edge devices, where local training and annota-
tion minimization are essential and traditional server-based
pipelines with distillation may not be feasible. By modeling
this process as a Markov Decision Process (MDP), ABAS-
RAL learns an optimal policy that balances precision and bud-
get while eliminating the need for manual tuning.

The proposed approach uses a Deep Q-Network (DQN)
[17] to efficiently allocate annotation efforts, ensuring that re-
sources are used optimally. The latter is achieved by a) opti-
mizing resource usage, dynamically focusing annotation on
impactful regions to reduce computational overhead; b) re-
ducing annotation costs, prioritizing the selection of infor-
mative and uncertain samples to minimize labeling while lim-
iting batch sizes to conserve resources; and ¢) maintaining
robust performance, utilizing precision and budget thresh-
olds set during initialization to meet target metrics under con-



straints. RL-driven adjustments enable ABAS-RAL to bal-
ance efficiency and feasibility, making it ideal for resource-
limited devices.

2. METHODOLOGY

The RAL-based approach uses an agent with a dual strategy
to select the optimal number of samples to annotate during
an AL episode. The agent operates within a defined state-
space, choosing actions (batch sizes) and receiving rewards
based on improvements in model performance. By focusing
on informative samples, this method reduces the number of
annotations needed to achieve satisfactory performance.

2.1. Formulating AL as an MDP

An MDP consists of five components [18]: the agent (the
decision-maker), the environment (the context in which the
agent operates), the state (the current environment condition),
the action (the choices available to the agent), and the re-
ward (the feedback on action quality). The policy defines the
strategy to map states to actions and to maximize cumulative
rewards. In AL, an episode involves selection and annotation
of a batch of samples and then retraining of the classifier so
as to assess performance improvements.

Following Konyushkova et al. [10], ABAS-RAL uses a
DQN agent that learns an optimal policy to select batch sizes
in each AL iteration. The environment includes the unla-
beled dataset and the classifier being trained. The state is
defined by the margin scores of a selected subset of sam-
ples, reflecting the uncertainty of the model, and is updated
after each iteration based on the re-trained classifier. The ac-
tion is the selection of the batch size, and the reward evalu-
ates the model’s precision improvement relative to annotation
cost, guiding the agent to prioritize informative samples.

ABAS-RAL optimizes batch selection in AL through a
structured approach involving performance benchmarking,
and agent training. Performance benchmarking acts as a
warm-start phase in RL, where different batch sizes are tested
not only to provide the agent with an overview of their effects,
but also to identify target precision and budget thresholds. Fi-
nally, the agent is trained using a DQN to select batch sizes
that optimize both performance and resource use, enabling
ABAS-RAL to adapt dynamically to learning progress and
constraints.

2.1.1. RL states

Initially, a subset V' is randomly sampled from the unlabeled
pool Uy to define the state. The remaining unlabeled data
is updated as U = Up \ V. At each iteration ¢ of an AL
episode, the classifier is retrained with the newly annotated
batch of samples chosen from the unlabeled dataset. The
state is represented by a vector s; of sorted margin scores

m(z;) for each z; € V, which are computed based on the
classifier’s predictions as the difference between the highest
and the second-highest predicted class probabilities m;(x;) =
P(y*|x;) — P(y**|z;), reflecting prediction uncertainty. Sort-
ing ensures structured input, allowing the RL agent to iden-
tify uncertain samples effectively. Margin scores are com-
putationally efficient and provide a simple way to prioritize
uncertain samples.

2.1.2. RL action selection

The DQN agent selects actions (batch sizes) that maximize
the Q-value (1), guiding the agent to choose batch sizes that
yield the highest cumulative reward. By updating Q-values
based on received rewards, the DQN agent optimizes the an-
notation process for efficient learning. At each iteration ¢ of
an AL episode, the action a; is defined as selecting k& samples
for annotation, where k € {1,...,[0.1 x |U¢|]}, and |Uy] is
the size of the unlabeled dataset. Limiting the action space
to 10% of the dataset per iteration encourages thorough data
exploration, prevents overfitting, and ensures efficient annota-
tion. The Q-value at iteration ¢ for a given state s; and action
a; s computed using the following equation:

Q(St7 at) =TIy + 7 - max Q(st+17 at+1) (1)

(229
where r; is the immediate reward received after taking
action a; in state sy, 7y is the discount factor, which determines
the importance of future rewards, and max Q (s, a;+7) is the
A+ ]

maximum Q-value of the possible actions a;y; in the next
state St+1.

2.1.3. RL Rewards Calculation

The reward r; for action a; at iteration ¢ is defined as:

_ P(Bi1)  P(By)
re = Bt+1 B, 2

where B; denotes the batch size used in iteration ¢ and
P(B,) the corresponding precision achieved by the classi-
fier. This formulation measures the precision improvement
per annotated sample, encouraging the agent to favor batch
sizes that yield more efficient learning gains relative to an-
notation cost. For example, if precision increases from 0.50
to 0.55 when using batches of 100 and 10 samples respec-
tively, the reward becomes 0.05, indicating that the smaller
batch achieves a significantly higher precision gain per anno-
tated sample. Conversely, if precision improves from 0.40 to
0.45 when increasing the batch size from 10 to 15 samples,
the reward is —0.01, suggesting that the larger batch is less
efficient despite the absolute precision improvement. This en-
courages efficiency while avoiding trivial batch sizes, as the
DQN learns that larger, more informative batches are neces-
sary to achieve the target precision and maximize cumulative
rewards.




2.2. Performance Benchmarking (Initialization Phase)

According to Algorithm 1, the benchmarking phase is a re-
structured version of the warm-start episodes in RL. Tradi-
tionally, warm-start episodes involve testing random actions
to observe how the environment responds. In our method,
this phase is expanded to serve an additional purpose: defin-
ing the target precision and annotation budget in a way that
reflects the capabilities of the device being used. By system-
atically testing various batch sizes from the unlabeled dataset,
and using the classifier to compute precision, the benchmark-
ing phase evaluates the trade-offs between precision and cost,
ensuring efficient learning without overburdening the avail-
able resources. An episode terminates when two consecutive
rewards decrease, signaling that the model is no longer im-
proving, thus avoiding ineffective batches. In conclusion, this
phase a) stores state-action-reward transitions into the re-
play buffer, which provides a rich set of experiences to guide
the agent’s training and decision-making process, and b) es-
tablishes meaningful performance benchmarks.

Algorithm 1 Performance Benchmarking Phase

Require: Uy initial unlabeled data, L labeled data, U unlabeled data, D training set,
a batch, c classifier, r reward, s state, E episodes number

Ensure: Classifier c, Target precision Pyqrget, Target budget Begrget

1: Sample a subset V' to define the state data from the unlabeled data Ug.

2: Update unlabeled set U = Up \ V.

3: fore=0to E — 1do

4 Initialize the labeled data L and the unlabeled data U.

5 repeat

6: Randomly choose a number a of X samples to annotate from U'.

7: Retrieve labels Y for X from D.

8 Update labeled set Lyewy = Lprevious + X-

9: Update unlabeled set Up ey = Uprevious — X.

10: Re-train ¢ with L, ¢qp.

11: Compute the state s (margin scores for the V' data) using c.

12: Compute the reward r based on the precision of the ¢ and the selected a
size.

13: Store transition (s, a, r) in the replay buffer.

14: until two consecutive rewards decrease or the samples are exhausted.

15: end for

16: Ptarget is the maximum achieved precision.
17: Biarget is the minimum budget.

19: return c, Piarget, Brarget

2.3. Training the DQN Agent

After setting performance benchmarks, the DQN agent dy-
namically selects batch sizes at each iteration according to Al-
gorithm 2. The agent aims to maximize long-term reward by
optimizing the precision and annotation budget based on state
and rewards. It uses the transitions stored in the replay buffer
to learn from past experiences and updates it with new ones.
Initially, the agent selects random actions for exploration, but
as training progresses, it shifts towards exploitation, relying
more on the learned policy to maximize rewards and optimize
decisions. The Q-network in ABAS-RAL approximates the
Q-values to predict future rewards for batch sizes according to
(1). It consists of an input layer for state data (margin scores),
a fully connected layer (10 units, sigmoid), and a state-action

concatenation step. A second layer (5 units, sigmoid) refines
the representation, and the output layer generates Q-values
for each batch size. The agent selects the optimal batch size
based on the highest Q-value. The DQN architecture was in-
tentionally kept minimal (10/5 units in the hidden layers) to
ensure a negligible computational footprint. In our experi-
ments, the inference time for the DQN agent was less than
1 ms per iteration, making it suitable for real-time execution
on low-power edge devices without offsetting the annotation
cost savings.

Figure 1 illustrates the ABAS-RAL process: the dataset
is split into labeled and unlabeled data. The RL agent selects
batch sizes based on state, the classifier annotates uncertain
samples, and rewards are calculated based on (2). The agent
updates its policy to optimize batch selection, iterating until
precision and cost are balanced.

Algorithm 2 Agent Training Phase

Require: L labeled data, U unlabeled data, D training set, a batch, c classifier, r
reward, s state, F/ agent’s training epochs, 7" episodes per epoch
Ensure: Trained agent DQ N, Trained classifier c
1: Start with the pre-trained classifier c.
2: fore =0to E — 1do

3: Start with the labeled L and the unlabeled U data.

4. fort =0toT — 1do

5: Train classifier ¢ using labeled data L.

6: repeat

7 Compute margin scores for samples in V' using c;.

8: Sort margin scores to form state s¢.

9: Select action a; (batch size) using DQN policy.

10: Compute a; — arg max, Q(s¢, a).

11: Find the batch X, by selecting a samples with highest uncertainty

based on the c;.

12: Retrieve labels Y; for X from D.

13: Update labeled set Ly «— L, U (X4, Y2).

14: Update unlabeled set Uy < U \ X¢.

15: Train ¢ using labeled data L.

16: Calculate reward 7. {Precision gain per annotation. }
17: Store transition (s¢, at, 7¢) in the replay buffer.

18: Update agent’s DQ N weights.

19: until Precision Py > Piqrget and Budget By < Bigrget Or the sam-

ples are exhausted.

20: end for
21: end for
22:

23: return DQNr, cr

3. EXPERIMENTAL EVALUATION

Experiments are conducted on CIFAR-10, CIFAR-100 [19],
and MNIST [20], with each dataset split into 10% for state
data, 10% for warm-start data, 60% for DQN training, and
20% for evaluation. Evaluation metrics include precision, ac-
curacy, recall, F1-score, and annotation budget. We compare
ABAS-RAL with existing methods using fixed and non-fixed
batch sizes under various conditions.

3.1. Comparison with Fixed-batch Size Methods

For this set of experiments, we use a ResNet50 model, as clas-
sifier, pre-trained on ImageNet [21] (TensorFlow 1.14, Python
3.6) to fine-tune on CIFAR-10, CIFAR-100, and MNIST. To
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Fig. 1. Overview of the ABAS-RAL process for optimizing batch size selection: (1) Initial dataset is split into sub-datasets;
(2) Initialization Phase benchmarks precision and annotation cost by testing batch sizes and storing experiences for efficient
learning; (3) Training Phase employs a DQN agent that dynamically selects batch sizes to maximize long-term rewards based

on learned Q-values and past experiences.

Table 1. Maximum precision achieved by the ResNet50
model after training for 10 epochs on the full training datasets.

Dataset Maximum Precision Achieved
CIFAR-10 45%
CIFAR-100 29%

MNIST 95%

evaluate ABAS-RAL in stringent resource-constrained set-
tings, we established an upper-bound performance baseline
by training the ResNet50 classifier for only 10 epochs with a
frozen backbone. As shown in Table 1, these baseline preci-
sions (45%, 29%, and 95% for CIFAR-10, CIFAR-100, and
MNIST, respectively) represent the full-information conver-
gence targets for our experiments. Our goal is to demonstrate
how ABAS-RAL can reach these deployment-specific targets
with minimal annotation budget. All experiments run on an
NVIDIA GTX 1080 Ti GPU.

The fixed-batch size methods include Random Sampling
(RS) [22], Entropy Sampling (ES) [23], Uncertainty Sam-
pling (US) [24], and ALFA-Mix [5]. ABAS-RAL consis-
tently outperforms these methods across all datasets. Table 2
shows that, on CIFAR-10, ABAS-RAL achieves 46.17% pre-
cision with only 5.12% of the budget, while the other methods
achieve precision with budgets ranging from 27% to 97.49%.
On CIFAR-100, ABAS-RAL uses a mere 1.98% of the bud-
get, and on MNIST, ABAS-RAL achieves 95.18% precision
while using just 7.07% of the budget.

Classifiers were also trained from scratch to reach 85% of
the target precision. As shown in Table 3, ABAS-RAL main-
tains its superiority; on CIFAR-10, it hits 39.69% precision

Table 2. Comparison with fixed-batch methods (mean of 25
runs) using the pretrained classifier. Target Precision and
Budget are set during Performance Benchmarking. ABAS-
RAL achieves the targets with low variance (o < 0.75%).

CIFAR10 — Target Precision: 44.66%, Target Budget: 98.03%

| Precision | Accuracy | Recall | F1-Score | Budget

. Mean | 46.17% | 4399% | 43.97% | 43.67% | 5.12%
ABASRAL - \px | 50.00% | 4526% | 45.26% | 45.24% ‘ 1117%
Rs[2z)  Mean | 4589% | 4200% | 4300% | 4197% | 50.79%
Max | 4685% | 43.62% | 43.62% | 44.08% | 97.49%
Espy  Mean | 4504% | 4296% | 4295% | 4217% | 30%
Max | 47.36% | 44.14% | 44.13% | 43.67% | 35%
Usiay  Mean | 4604% | 4396% | 4396% | 4317% | 28%
Max | 4836% | 45.14% | 45.14% | 44.67% | 32%
) Mean | 45.67% | 43.54% | 43.92% | 42.08% | 27%
ALFAMXS] oy | 474490 | 44.56% ‘ 45.13% | 4432% ‘ 38%
CIFAR100 — Target Precision: 28.01%, Target Budget: 99.94%
| Precision | Accuracy | Recall | F1-Score | Budget
‘ Mean | 32.02% | 32.14% | 32.14% | 3154% | 198%
ABASRAL  Nax | 32529 | 3253% ‘32.55% 32.53% ‘ 198%
RS Mean | 3189% | 3202% | 32.07% | 31.48% | 48.71%
Max | 3247% | 3207% | 33.02% | 3221% | 99.22%
ES Mean | 3164% | 3202% | 3201% | 31.23% | 25%
Max | 3241% | 32.11% | 32.13% | 3143% | 27%
Us Mean | 3173% | 3205% | 32.05% | 3131% | 37%
Max | 3205% | 3230% | 3231% | 3153% | 31%
. Mean | 3182% | 3209% | 32.09% | 31.53% | 34%
ALFAMX Ny | 32430 | 247% | 32.47% | 3157% ‘ 30%

MNIST — Target Precision: 94.11%, Target Budget: 96.34%

| Precision | Accuracy | Recall | F1-Score | Budget

) Mean | 95.18% | 95.05% | 94.98% | 95.04% | 7.07%
ABASRAL  Nax | 9523% | 9524% ‘95.24% 95.23% ‘ 8.18%
s Mean | 9502% | 9501% | 9490% | 95.02% | 60.13%
Max | 9521% | 9520% | 9520% | 95.19% | 95.15%

s Mean | 95.10% | 9409% | 9495% | 94.99% | 11%
Max | 9522% | 95.17% | 9523% | 9520% | 13%

s Mean | 95.12% | 94.13% | 94.89% | 9498% | 15%
Max | 9522% | 95.15% | 9520% | 9520% | 18%

 Mean | 9501% | 9497% | 94.79% | 9495% | 16%
ALFAMIX  npax | 95110% | 95.10% ‘95.03% 95.08% ‘ 18%

using only 7.74% budget. Similar efficiency is observed on
CIFAR-100 (2.98% budget) and MNIST (26.67% budget) to



Table 3. Comparison of ABAS-RAL (mean of 25 runs) with
fixed-batch size methods when training the classifier from
scratch. Target Precision being defined during the Perfor-
mance Benchmarking phase. ABAS-RAL achieves the tar-

gets with low variance (o < 0.8%).
CIFAR10 — Target Precision: 37.96%
| Precision | Accuracy | Recall | F1-Score | Budget
39.69% 36.17% 36.17% | 34.52% 7.74%
44.73% 39.53% 39.53% 38.46% 27.67%

35.30% 2835% | 28.24% | 26.08% 87%
43.35% 32.96% | 32.96% | 32.44% 90%

Mean

ABAS-RAL Max

Mean

ES 23] Max

US [24] Mean | 36.30% 29.35% 29.24% | 27.08% 88%
Max 44.35% 33.96% 33.96% | 33.43% 96%

3 Mean | 34.30% 27.35% 29.24% | 27.24% 85%
ALFA-MIX [5] Max 42.35% 31.96% 31.44% | 31.96% ‘ 87%

CIFAR100 — Target Precision: 23.81%

| Precision | Accuracy | Recall | F1-Score | Budget

. Mean | 25.60% 25.73% | 25.713% | 24.57% 2.98%
ABAS-RAL Max 27.20% ‘ 27.17% | 21.17% ‘ 26.11% ‘ 2.98%
ES Mean | 24.11% 25.14% 24.65% | 23.08% 70%
Max 25.43% 25.96% 26.12% | 23.44% 92%

us Mean | 24.12% 25.14% 24.71% | 23.23% T1%
Max 25.50% 26.65% 2491% | 23.43% 91%

Mean | 22.55% 23.84% 23.34% | 21.98% 61%

ALFA-MIX Max 23.35% 23.96% 23.84% | 22.12% ‘ 72%

MNIST — Target Precision: 79.99%

| Precision | Accuracy | Recall | F1-Score | Budget

Mean | 81.85% 81.65% 80.97% | 80.91% | 26.67%

ABASRAL  vax | 82979% ‘ 82.91% ‘ 81.25% | 8124% ‘ 29.18%

34.10 %
37.10 %
32.10%
39.10%
40.32%
41.40%

80.87% 79.23% | 79.02%
81.23% 79.46% | 79.52%

‘ ‘ 78.01%
80.20% ‘ 79.30% ‘79.50%

79.06%
78.90%
79.70%
80.47%
81.21%

Mean

ES Max

Mean

us Max

81.00% 80.00% | 80.30%

80.21% 80.71% | 80.71%
81.42% 81.40% | 81.11%

Mean
ALFA-MIX Max

Table 4. Training time breakdown for ABAS-RAL on
CIFAR-10.
Phase Time
Initialization Phase ~6 hours
DQN Agent’s Training ~12 hours

Mean Total Run Duration ~407 seconds

reach the 25.60% and 81.85% precision marks, respectively.

These results underscore ABAS-RAL’s exceptional effi-
ciency, delivering high performance while dramatically re-
ducing annotation costs, thereby enabling more effective use
of resources and maximizing the impact of each annotated
sample.

Table 4 shows the time breakdown for the ABAS-RAL
training process on the CIFAR-10 dataset. It includes the du-
ration of the initialization phase, the agent’s training, and the
mean time per experiment run across 25 runs. The total train-
ing time was approximately 18 hours, including the training
of the DQN agent. However, this is a one-time cost, as the
trained RL agent can be reused across devices without retrain-
ing. The mean total duration per experiment (~407 seconds)
is almost entirely dominated by the classifier’s retraining, as
the DQN agent’s decision-making overhead remains negligi-
ble (<1 ms).

3.2. Comparison with non-Fixed batch Size Methods

We evaluate ABAS-RAL against DRAL [14] and LAL-
RL [10] on the CIFAR-10 dataset using ResNet-18 [25]

Table 5. Number of labeled samples required to reach tar-
get accuracy on CIFAR-10 using ResNet-18 for ABAS-RAL,
DRAL, and LAL-RL.

Target ACC Method Samples Used
DRAL [14] ~1000

50% LAL-RL [10] Not completed
ABAS-RAL ~750
DRAL ~3000

60% LAL-RL Not completed
ABAS-RAL ~850

to demonstrate the benefits of dynamic batch-size optimiza-
tion through RL in a commonly used setting. Table 5 shows
a significant reduction in annotation cost, with ABAS-RAL
requiring approximately 25% fewer samples at 50% target
accuracy and more than 70% fewer samples at 60% target ac-
curacy compared to DRAL. This performance gain highlights
the adaptability of ABAS-RAL in optimizing annotation ef-
fort by focusing on sample informativeness and uncertainty
while balancing resource constraints.

LAL-RL [10], originally a single-sample binary selector,
proved inefficient for image classification. Unlike our batch-
optimized approach, LAL-RL’s lack of batch-wise optimiza-
tion resulted in excessive computational overhead, failing to
reach target accuracies even after 3 days of training.

4. CONCLUSION AND FUTURE WORK

We present ABAS-RAL, an RL-based AL method that op-
timizes the balance between precision and annotation costs.
Experimental results across multiple datasets demonstrate
that ABAS-RAL consistently outperforms fixed and non-
fixed batch methods, achieving superior performance with
significantly fewer labeled samples. While current eval-
uations focus on standard datasets (CIFAR, MNIST), the
agnostic nature of the margin-based state representation sug-
gests scalability to more complex tasks. Future work will
extend ABAS-RAL to high-resolution tasks, investigate al-
ternative RL architectures, and evaluate scalability across
diverse hardware and large-scale datasets.
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