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Introduction

e Offline signature verification is to verity whether a handwritten signature image is produced by a claimed person or not. Extensive researches
have been conducted in this field due to its potential applications in finance, archeology, criminal investigation, and so forth. Despite the constant
improvements made by the previous methods, the detailed features of signatures, which are usually embedded in local regions, have not been
exploited sufficiently.

e We propose a novel end-to-end network, named Cwut and-Compare, which can learn discriminative and informative regions automatically by a
modified STN model and the regions are compared by an ARC model. To address the intrapersonal variability problem, we design a smoothed
double-margin loss to train the network.

e The proposed cut-and-compare network and smoothed double-margin loss are shown to be effective in experiments and state-of-the-art performance
is achieved on several datasets, including CEDAR, GPDS Synthetic, BHSig-H and BHSig-B, which are of different languages.
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