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Abstract: With the rapid development of deep learning, remarkable achievements have been made in image
classification and related tasks. However, the success of these models heavily relies on large amounts of high-quality
labeled data. In real-world applications, labeled data is often scarce, and manual annotation is time-consuming,
labor-intensive, and costly, which limits the scalability and deployment of deep learning models. In recent years,
active learning has gained significant attention due to its ability to improve model performance under limited

annotation budgets. The core idea of active learning is to select the most valuable data for labeling based on certain
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criteria such as uncertainty, diversity, or representativeness. To address the limitations of traditional active learning
methods, which often rely on manually designed heuristic sampling strategies that struggle to adapt to different task
scenarios and are difficult to dynamically optimize, a Smart Reinforcement Active Learning (SRAL) approach for
image classification is proposed. The sample selection process is modeled as a MARKOV DECISION PRocess
(MDP), leveraging reinforcement learning’s adaptive strategy optimization ability to guide the model in dynamically
selecting the most valuable samples from the unlabeled data for labeling. In this framework, the state is represented by
features extracted from the unlabeled samples, the action indicates whether a sample should be selected for labeling,
and the reward function is defined as the change in model accuracy after incorporating the selected sample into the
training set. The Actor-Critic algorithm is adopted to optimize the sampling policy, and uncertainty-based heuristic
ranking is incorporated as auxiliary information to improve the learning efficiency. Experimental results demonstrate
that the proposed SRAL method significantly improves classification accuracy under the same labeling budget
compared to other active learning approaches on datasets such as CIFAR-10, SVHN, and FASHION-MNIST.

Furthermore, SRAL exhibits robust stability and strong generalization ability across these datasets. This confirms the
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effectiveness and advantages of SRAL in enhancing the performance of image classification models.

Keywords: deep learning; reinforcement learning; active learning; image classification; policy optimization
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Table 1 Comparison of experimental results on the CIFAR-10 dataset (Accuracy mean + Standard deviation)

FEAH
Jiik
1000 20 00 3000 4000 5000 6 000 7000

Random 49.44+0.86 56.90+0.49 61.60+0.28 64.730.20 69.96+0.39 67.76+0.32 69.25+0.15
ENPY 50.02+0.19 57.29+0.19 61.58+0.17 64.55+0.20 68.99+0.33 67.39+0.20 68.80+0.19
Lct 49.50+0.43 57.77+0.26 61.35+0.28 64.61+0.47 69.72:£0.20 67.75+0.31 69.19+0.24
MsP 49.94+0.39 57.23+0.64 61.420.40 64.50+0.23 70.25+0.07 68.42+0.21 69.72+0.12
DRAL™! 50.21+0.19 57.77+0.40 61.64+0.42 65.18+0.010 70.10+0.22 68.54+0.17 69.75+0.15
SRAL+Random 50.40+0.04 57.83+0.36 61.83+0.07 65.60+£0.49 69.90+0.67 68.62+0.17 70.00+0.11
SRAL 50.67+0.10 58.45+0.11 62.36+0.55 65.770.44 70.49+0.19 68.98::0.26 70.26+0.15

TE: ISR R F A .

2 7f SVHN HiE&E ERSS G RFELCEBRELF E)

Table 2 Comparison of experimental results on the SVHN dataset (Accuracy mean + Standard deviation)

PSR
Jrid
1000 2000 3000 4000 5000 6000 7000

Random 73.65+0.17 85.06+0.70 87.44+0.05 88.92+0.13 89.46+0.58 90.23+0.13 90.63+0.41
ENEY 73.62+1.07 84.55+0.48 88.55+0.14 89.99+0.46 91.24+0.14 92.50+0.09 92.93+0.21
Lk 75.02+0.53 85.40+0.26 88.14+0.19 90.08+0.28 91.32+0.06 92.16:0.29 93.11£0.16
MSP? 72.60£0.45 85.28+0.90 88.51+0.31 90.55+0.19 91.52+0.19 92.41+0.14 93.13£0.05
DRAL™! 74.63+0.93 86.23+0.40 89.19+0.19 91.00+0.18 91.56+0.12 92.92+0.10 93.44+0.08
SRAL+Random 75.21%0.16 86.58+0.37 89.40+0.14 90.96:0.23 91.36£0.20 92.72+0.29 93.15+0.37
SRAL 75.45:0.46 86.94:0.16 89.66:0.22 91.30£0.13 91.800.13 93.05:0.10 93.60+0.10

e ISR R R A .
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Table 3 Comparison of experimental results on the FASHION-MNIST dataset (Accuracy mean + Standard deviation)

BEA R
Jiik
1000 2000 3000 4000 5000 6 000 7000

Random 76.28+0.81 78.30+0.60 79.64+0.82 79.84+0.95 81.64+0.68 81.71+0.71 82.84+0.07
ENPY 77.51+1.85 82.77+0.43 84.26+0.67 86.16+0.51 87.14+0.18 87.78+0.55 88.17+0.46
Lk 77.2240.94 82.96+0.27 84.90+0.18 86.38+0.07 86.95+0.29 87.97+0.42 88.72+0.38
ms 78.33+1.32 83.54+0.54 88.56+0.28 86.84:0.40 87.35+0.53 88.10+0.43 88.79+0.23
DRAL™®! 79.81£0.31 84.79+0.29 86.25+0.17 86.97+0.23 87.55+0.43 88.67+0.15 88.93+0.24
SRAL+Random 80.07+0.25 84.44+0.17 86.24+0.24 86.78+0.26 87.67+0.16 88.25+0.26 88.89+0.24
SRAL 80.47+0.18 85.01:0.13 86.71:0.20 87.40+0.17 87.95+0.20 88.83+0.14 89.25+0.20
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Fig. 3 Experimental results of SRAL and F-SAM under
different sample sizes (CIFAR-10 dataset)
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Fig. 4 2D distribution t-SNE visualization comparison chart (Each iteration select 1 000 images) ((a) Random; (b) EN;
(c) LS; (d) MS; (e) DRAL,; (f) SRAL)
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Fig. 5 Image instances selected by the SRAL on multiple datasets ((a) CIFAR-10; (b) SVHN; (c) FASHION-MNIST)
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