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Introduction

. | this i Proposed ConvGist Model: Fixed Gabor filterbank extracts low-
\ We propose ConvGist to model this improvement level statistics, learnable cascade refines them for target domain J

A Gabor filterbank paired with a compact convolutional cascade outperforms static gist
models and much larger CNNs when data is limited.
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(ConvGist improves static gist representation Gabor filterbank outperforms alternative frontends
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