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We use three architectures for our study:
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neural networks into identical Dropout p=0.2 (17,21, 256) _ _
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Table 3. DeepSign Architecture

Table 2. DeepSign and MobileNetv2

Our model is able to generate an embedding
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prediction task. : Y * DeepSign has 25x fewer parameters and storage.3|ze
CEDAR S ot " il_fl\;let , 8-;; 8-22 ggg g'z then the state of the art SigNet, and outperforms in all
1gnature Database obileNetv . . . . Table 4. Evaluation of ; ;
DeepSign 0.74 0.51 0.57 072 T odals treimed on of our evaluation metrics
SigNet 0.81 0.69 0.75 0.85 bine dataset . _
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Combined Database MobileNetv?2 0.76 0.65 0.70 0.82
DeepSign 0.85 0.76 0.84 0.93

2. BHSIig260 (Bengali): n=260, 24 genuine signatures
per person, 30 forged signatures per person [2]. .

* Future work includes hyperparameter tuning,
ensembling, and further investigation into using the
bottleneck blocks in MobileNetv2.

Figure 1. DeepSign outperforms both
MobileNet and SigNet in AUROC

DeepSign outperforms in every evaluation
metric on the combined test set
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