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Abstract; Large models of neural machine translation (NMT) have achieved excellent results in various translation tasks. Then
researchers introduce a knowledge distillation method, through the teacher (large) model to guide the student ( small) model
training, so that the performance of the student model is improved, so as to achieve performance transfer from large to small
models. However, the experimental results show that when the scale gap between the student model and the teacher model is too
large, the performance of the student model will decline. In order to solve this problem, a multi-step distillation strategy is proposed
in this paper, that is, a teaching assistant model whose scale is between the teacher model and the student model is introduced into
the knowledge distillation process. The teaching assistant model is obtained from the teacher model through the knowledge
distillation training, and is used to guide the training of the student model, so as to further improve the performance of the student
model. The experimental results of WMT14 and WMT16 machine translation tasks show that compared with the baseline model and
existing knowledge distillation methods, the teaching assistant — based knowledge distillation method ( ATKD ) can effectively
improve the translation performance of the model.
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