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Além das Redes Convolucionais Profundas:
Redes Profundas de Superpixels,
Maquinas de Vetores de Suporte Convolucionais e
Redes Morfoldgicas Profundas
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Redes Profundas de Superpixels (Deep Superpixels)
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Redes Profundas de Superpixels (Deep Superpixels)
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Redes Profundas de Superpixels (Deep Superpixels)
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Redes Profundas de Superpixels (Deep Superpixels)
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Trocar k-means por EM
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Redes Profundas de Superpixels (Deep Superpixels)

JOURNAL OF ETEX CLASS FILES, VOL. XX, NO. XX, AUGUST 2019

A Comprehensive Survey on Graph Neural
Networks

Zonghan Wu, Shirui Pan, Member, IEEE, Fengwen Chen, Guodong Long,
Chengqi Zhang, Senior Member, IEEE, Philip S. Yu, Fellow, IEEE
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Maquinas de Vetores de Suporte Convolucionais (CSVM)
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Maquinas de Vetores de Suporte Convolucionais (CSVM)
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Maquinas de Vetores de Suporte Convolucionais (CSVM)

Truque do nucleo X ReLU
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Maquinas de Vetores de Suporte Convolucionais (CSVM)

Truque do nucleo X ReLU
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Maquinas de Vetores de Suporte Convolucionais (CSVM)

Truque do nucleo X ReLU
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P Combinar com retropropagacéo
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Maquinas de Vetores de Suporte Convolucionais (CSVM)
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Maquinas de Vetores de Suporte Convolucionais (CSVM)

Truque do nucleo X ReLU
_ Particao informada de Tr
PR SE sl Combinar com retropropagacao
Trocar janelas por superpixels
Extender para GNNs
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Maquinas de Vetores de Suporte Convolucionais (CSVM)

Truque do nucleo X ReLU
_ Particao informada de Tr
PR SE sl Combinar com retropropagacao
Trocar janelas por superpixels
Extender para GNNs
Ext. Segmentacao, deteccéo, etc
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Redes Morfologicas Profundas
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Redes Morfologicas Profundas
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Redes Morfologicas Profundas
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Redes Morfologicas Profundas

morphological layer
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Redes Morfologicas Profundas
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