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Research and application on intelligent learning of foreign
languages based on Transformer
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(1 School of Foreign Languages, Nanjing University of Posts and Telecommunications, Nanjing 210023, China;
2 School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications,
Nanjing 210023, China)

Abstract; Currently, computer technology and artificial intelligence have been widely used in foreign language learning. Computers
can integrate a variety of multimedia resources and provide a rich intelligent interactive learning environment. This paper investigates
the application of mainstream online foreign language book resources, and designs a text recognition algorithm for foreign language
book resources based on Transformer, which uses ViT visual model as encoder for image feature extraction and BERT model as
decoder for text conversion. For COMICS English comics dataset and Mangal(09s Japanese comics dataset, the English and Japanese
Transformer OCR model is trained, auxiliary screen word recognition and query are carried out, and the training shows that the
English Transformer OCR model reaches 93. 57% accuracy. The Japanese Transformer OCR model achieves 89.53% accuracy. By
comparing with the performance of other traditional OCR models on the COMICS dataset, it is verified that the proposed text
recognition algorithm has a signficant improvement in the accuracy of word recognition compared with traditional OCR models.
Key words: Transformer; Al; foreign language learning; OCR
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imageT = Transform,(image) ,p = [0.3,0.6,0. 1]
Transform, = None

Transform, , = compose( [ rotate, downscale, blur,

contrast, gaussNoise, gray]) (1)
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Fig. 3 Illustration on multi—head attention
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Table 1 Examples of English COMICS and Japanese Manga 109
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Fig. 4 Loss curve of training and validation per epoch
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Table 2 Loss and accuracy of algorithm

g Epoch N2 loss PP loss Accuracy
COMICS 150 0.020 0 0.182 3 0.9357
Mangal09 30 0.254 8 0.640 6 0.8953
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Table 3 Comparisons of word accuracy
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Fig.5 Examples of OCR application
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