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Abstract

This paper proposes a meta-learning-based optimization framework to address the challenge of ef-
fectively recognizing handwritten Xibo characters using traditional neural networks under extreme
sample scarcity. The framework employs a Long Short-Term Memory (LSTM) network as a meta-
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optimizer to learn how to optimize a base Convolutional Neural Network (CNN) or Deep Neural Net-
work (DNN). Its core innovation lies in combining two strategies: 1) Cross-task knowledge transfer
achieved through pre-training on the MNIST dataset; 2) A dynamic gradient regulation strategy im-
plemented by the LSTM optimizer to adaptively adjust the parameter updates of the base network.
Experimental results demonstrate that on a few-shot test set of 10-class handwritten Xibo charac-
ters, this method significantly boosts the recognition accuracy of a CNN from 24% to 73%, while
reducing the training time to 368 seconds, far outperforming traditional data augmentation meth-
ods. This research aims to provide an efficient and feasible few-shot learning technical solution for
the digital preservation of endangered minority scripts like Xibo.
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Figure 1. CNN-based meta-optimizer
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Figure 2. Parameter sharing of meta-optimizer
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Figure 3. Handwritten Xibo characters
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Figure 4. Preprocessed Xibo handwritten characters
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Table 1. Architecture of 4-layer CNN
= 1.4 B CNN HZ MG L

EH BRAE AR
1 GHE (None, 28, 28, 32)
1-1 LAY~ (None, 28, 28, 32)
2 GHE (None, 26, 26, 64)
2-1 b2 (None, 26, 26, 64)
3 GRE (None, 24, 24, 32)
3-1 b2 (None, 24, 24, 32)
4 LRE (None, 22, 22, 16)
4-1 ik 2 (None, 22, 22, 16)
5 EEZ (None, 22, 22, 10)
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Table 2. Architecture of 4-layer DNN
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EH Bl G
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2 EoeuEY=] (64, 32)
3 AR (32, 64)
4 REHE (64, 10)

Table 3. Architecture of 2-layer LSTM
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3.3. SRR

Fa UL S0 % B ISR 10 285, BEAIEHE 10 sk FE I SCFE A, 45100 5K F5 1
T B R RS LTI gk, S8k 10,000 K, 4 100 #¢ill%k, &F21%AK 100 K. HAERZRNE S
SKFEEHER TR A, S350 5KF 5 i ST B A ARG EE TR DR AT SR ) 4 5 L S
2 4 Fis:

meta learning yiwen test acc

0.7 ] —®— CNN-100
—e— CNN-150
0.6 4 —®— CNN-300
—e— DNN-100
0.5 { —&— DNN-150
—e— DNN-300 i
g 047 —e— DNN+Meta LSTM \
® —e— CNN+Meta LSTM
0.3 -
0.2 -
0.1
0.0 -
0 20 40 60 80 100
epoch

Figure 5. Test accuracy of the model
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Table 4. Training time of different models

5 4. BRI ZETE]

LA 2% YIRS (]
CNN-100 1228.587 s
CNN-150 2403.057 s
CNN-300 5331.043 s
DNN-100 1105.538 s
DNN-150 2236.103 s
DNN-300 3236.103 s
DNN + Meta LSTM 221.787 s
CNN + Meta LSTM 368.678 s
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FIZACRE A R IARA ), HLUT S A K T
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T 24 p F T80 B E T A8 B, HHUE B o S B I ph FE 5 B &, it
TSRV RE . RIRIT p RARHUE, FRATE IR RF HAR S B B AR AT T, 75 CNN B 2% FikfT
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Table 5. Sensitivity analysis of parameter p
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p B HERI (%) Tl gREe 2L
4 67.2 40
6 70.5 32
8 73.0 25
10 71.8 28
12 69.4 35
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