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Soybean Genome Prediction Method Based on Transformer

Ailing Chen
Sichuan University
[Abstract] With the increasing demand of soybean breeding, traditional breeding methods are faced with the
challenges of long time, high cost and great influence of environmental factors. Therefore, genome prediction
technology has become a key tool to improve the efficiency of soybean breeding. The purpose of this study is
to build an accurate and efficient soybean genome prediction model with Transformer model combined with
soybean SNP data, and explore its application potential in genotypic to phenotypic prediction. First, the
soybean SNP data is converted into a format suitable for Transformer model inputs through data
preprocessing and feature selection. Secondly, combined with the self—attention mechanism in Transformer
model, explore how to capture the long—distance dependency between SNPS to improve the accuracy of
trait prediction. In order to further optimize the performance of the model, a Bayesian optimization algorithm
is used to automatically search for hyperparameter configurations to improve the computational efticiency and
prediction accuracy. The experimental results show that compared with traditional models such as CNN and
LSTM, the soybean genome prediction framework based on Transformer model has higher accuracy in both
single trait prediction and multi—trait combined prediction tasks. In addition, Bayesian optimization further
improves the efficiency of hyperparameter selection and reduces the workload of manual parameter
adjustment.
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Table 15y & T 25 H

PCC MAE
LST™ 0.3212 0. 4345
GRU 0.3314 0.3712
CNN 0. 1455 0. 2391
Trasnformer 0. 3239 0. 2474
CoTrasnformer 0. 3882 0.2303
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Table 2% 5 & & Tl &5

PCC MAE
LST™ 0. 1544 0.3794
GRU 0. 1655 0.3972
CNN 0. 2401 0.2514
Transformer 0.2573 0. 3525
CoTransformer 0. 2655 0. 3321
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