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Continuous learning in metamaterials: Dynamic data generation and
model performance evaluation
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Abstract: The size of the dataset is one of the key factors affecting the performance of deep learning models. Since the
performance of deep learning models is highly dependent on the size of the dataset, the amount of data required to
achieve a specific accuracy is usually difficult to estimate. This problem also exists in the intelligent design of
metamaterials, and has become an important factor restricting the accuracy and efficiency of modeling. To this end, a
dynamic data generation and model performance evaluation framework is proposed to achieve dynamic monitoring of the
size of the dataset and model performance. In order to improve the efficiency of dynamic evaluation of the model and
effectively alleviate the catastrophic forgetting phenomenon, a continuous learning strategy is designed so that the
model only needs to learn new data during the dynamic evaluation process while maintaining the memory of existing
knowledge. Experimental results show that the average prediction accuracy of the model trained based on this
continuous learning strategy can reach 93.28%, and the average forgetting rate is 3.68% , which fully verifies the
effectiveness of the model in alleviating the problem of catastrophic forgetting.
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Fig. 1 Schematic diagram of the structure of absorbing materials
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Table 1

Experimental results of different comparison algorithms
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Table 2 Ablation experiment results
B B AAF MSE - 2 e ify R - #h3 R R FWT BWT
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Table 3 Experimental results of different re-selection

learning consolidation times

S Bk PHE PR FWT BWT
R/ % BE/%
EWC 27.87 71.55 —4.65 —71.55
LwF 25. 35 67.11 —12.68 —67.11
- MAS 31.55 67.58 —1.51 —67.58
Base 33.81 65.12 —1.36 —65.12
PPER 59. 42 38. 06 —0.66 —37.61
Our 86. 87 8.69 0.19 —8.42
RAMM 97.57 0. 30 1.35 1.71
EWC 22.37 78.28 —6.48 —78.28
LwF 34.73 62.62 —7.73 —58.12
MAS 20. 90 79. 45 —9.84 —79.45
100 Base 21.76 78.97 —9.78 —78.97
PPER 56. 04 42.50 1.19  —42.05
Our 90. 57 5.39 —0.12 —4.93
RAMM 97. 94 0. 26 2.75 1.41
EWC 31.21 68. 99 —4.38 —68.99
LwF 31.76 63.16 —8.01 —61.43
MAS 29. 66 70.72 —1.69 —70.72
10 Base 38.42 61.71 —2.63 —61.7
PPER 59. 16 38.77 —0.65 —38.64
Our 91.98 4. 80 0.6 —4.01
RAMM 98. 17 0.12 2. 64 1. 67
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Table 4 Experimental results with different

replay sample numbers

N CPHEPERR/ 0 PSR /% FWT  BWT
100 89. 38 6.93 0.45  —6.48
200 90.18 6. 29 0.19  —5.71
300 91. 98 4.80 0.6  —4.01
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