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Abstract Deep learning model can automatically learn the texture and morphological features from original data, which
makes it achieve far better performance than the manual features based method in many fields such as security verification,
recognition and classification, voice and face recognition, etc. Although deep learning has achieved good performance in
image classification and object detection, the existence of adversarial examples formed by adding imperceptibly small
perturbations to the input leads to huge risks in the practical use of deep learning models. Among them, the improvement
of the robustness of a single model is an important research field. In the previous research on the robustness of time-series
data classification model, the explanatory research against samples is relatively lacking. At present, the most common
method to defend against adversarial samples is adversarial training, but adversarial training has a very high training cost.
Take the time-series data classification model for example, we define the texture features and morphological features of
the time series data. Additionally, based on the theoretical proof and feature visualize method, we explain that the texture
feature is the key factor to be attacked. At the same time, a method for improving model robustness based on feature con-
straints is proposed. This method combines multi-task learning to guide the model to learn the morphological features of
the original data as much as possible. While ensuring the classification accuracy, the space of adversarial samples is re-
duced, so as to train a more robust model. A large number of experiments on classical classification models and multiple
time-series datasets were conducted, and the experimental results show the effectiveness of the method. Moreover, it can
better improve the robustness of a single model under a variety of adversarial attacks.
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Figure 1 Schematic diagram of time series classification model based on residual network"""
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