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Deep neural networks become applied to industry time-series data for anomaly detection, product quality predic-
tion, and so on. For these applications, temporal interpretations of the neural network models are very important
to determine next actions. Attribution map methods, including the saliency map, can be used to interpret re-
lationships between the inputs and outputs of a neural network in terms of partial differential values for image
classification tasks. In this paper, to aim application for industry time-series data, we propose Time-Smoothgrad,
an extended attribution map method to prevent unstable and noisy influence values caused by complex models and
time variation. Experiments on artificial and real data show the efficiency of the method.
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Gross, M.: A unified view of gradient-based attribu-
tion methods for Deep Neural Networks, arXiv preprint
arXiv:1711.06104 (2017)

[Binder 16] Binder, A., Montavon, G., Lapuschkin, S.,
Müller, K.-R., and Samek, W.: Layer-wise relevance
propagation for neural networks with local renormaliza-
tion layers, in International Conference on Artificial Neu-
ral Networks, pp. 63–71Springer (2016)

[Cook 77] Cook, R. D.: Detection of influential observation
in linear regression, Technometrics, Vol. 19, No. 1, pp.
15–18 (1977)

[Järvelin 00] Järvelin, K. and Kekäläinen, J.: IR evalua-
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