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The photo reflective sensor (PRS) is a tiny distant-measurement module whilch is widely used in wearable user-
interface. A issue of such wearable PRS devices is the performance degradation when a user data is not included in
the training set (we call the inter-user setup). Moreover, the recognition accuracy also degrades when the same user
re-wears the device (we call the intra-user setup). In this paper, we introduce the multi-task learning algorithm
using the Parallel residual adapters as a method to perform additional training at high speed using a small amount
of additional data. In the experiments, we demonstrate the performance improvement particularly in intra-user
setup with the data of an actual PRS device.
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2: Inter-user
Dt

5 10 20 30 40 50 60 (s/user)

CNN(Ds) 0.805 - - - - - - - -

CNN(Dt) - 0.517 0.630 0.710 0.764 0.840 0.762 0.843 3.928

CNN(Ds +Dt) - 0.811 0.855 0.897 0.913 0.926 0.932 0.952 125.370

CNN(fine-tuning) - 0.731 0.809 0.843 0.907 0.920 0.921 0.906 3.881

PRA - 0.761 0.777 0.856 0.841 0.874 0.881 0.885 5.737

3: Intra-user
Dt

5 10 20 30 40 50 60 (s/user)

CNN(Ds) 0.955 - - - - - - - -

CNN(Dt) - 0.629 0.755 0.844 0.890 0.873 0.906 0.906 3.984

CNN(Ds +Dt) - 0.969 0.962 0.981 0.986 0.984 0.972 0.991 98.641

CNN(fine-tuning) - 0.878 0.914 0.943 0.933 0.948 0.963 0.969 3.792

PRA( ) 0.938 - - - - - - - -

PRA( ) - 0.916 0.917 0.928 0.936 0.956 0.955 0.964 6.209

PRA( ) - 0.960 0.972 0.976 0.974 0.976 0.976 0.979 5.309
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