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Abstract: Model fine—tuning is an important transfer learning technique that can achieve significant success in tasks with limited
training data. Satisfactory results can be obtained with minimal training time. However, as the scale and complexity of network
models increase, it becomes increasingly difficult to design appropriate fine—tuning strategies for specific target tasks. To address this
issue, this paper proposes an adaptive fine —tuning algorithm based on particle swarm optimization. The algorithm models the
problem of selecting fine — tuning layers in pre —trained models as a parameter optimization problem. Based on the concept of
population evolution, it adaptively identifies appropriate layer fine—tuning schemes for the target task. Experimental results show that
the algorithm can accurately solve layer fine —tuning schemes that are suitable for the target task and significantly improve the
performance of fine—tuning. Compared to the standard fine—tuning baseline, our method achieves competitive performance with only
a few iterations, thereby significantly reducing training time.
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Fig. 1 The process of the model fine—tuning
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Fig. 2 Adaptive fine—tuning framework diagram based on particle

swarm optimization
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Table 1 Datasets used to evaluate fine—tuning performance
Hbrgdage  Igpedise  IFEAR %L
Stanford Dogs 12 000 8 580 120
MIT Indoor 5360 1340 67
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Table 2 Comparison of different fine—tuning schemes %
Btk MIT Indoors Stanford—Dogs Caltech256-30 Caltech256-60
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Fig. 3 Visualization results of the fine—tuning scheme obtained by the proposed algorithm
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Table 3 Comparison of the proposed algorithm with existing methods

%

Method MIT Indoors Stanford—Dogs Caltech256-30 Caltech256-60
Train—From—Scrach 40.82 42.45 25.41 47.55
Standard Fine—Tuning' '] 76.64 79.02 77.53 82.57
12-spit] 76.41 79.69 79.33 82.89
Child-Tuning' " 77.83 81.13 80.19 83.63
Our Method 78.28 86.45 80.97 84.84
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Fig. 4 Visualization of the proposed algorithm and the standard fine—tuning baseline method
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