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Fig. 1 Input sensor data. Acceleration of daily living is di-

vided into segments. Input sensor data is created in

segments using the sliding window method.
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Fig. 2 Overview of our method. Solid line and dashed line de-

note data flow and inputs to loss function respectively.
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Fig. 3 Model architecture during training of an activity recog-
nition model by additional training using a small
amount of supervised data. The new classifier is em-
bedded at the end of the encoder trained in Fig. 2.
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Fig. 4 The model architecture used in experiments. “k3sl”

means that the kernel size is 3 and stride is 1. The
numbers in parentheses denotes the shape of the data

output by the layer.
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Fig. 5 Accuracies with the number of dimensions of the fea-
ture. The horizontal axis shows the number of dimen-

sions, the vertical axis shows the accuracy, and error

bar means the standard deviation.
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