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Successful deep learning architectures

1. Convolutional neural networks
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Successful deep learning architectures

1. Convolutional neural networks
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Successful deep learning architectures

1. Convolutional neural networks
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https://medium.com/comet-app/review-of-deep-learning-algorithms-for-object-detection-c1f3d437b852
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Successful deep learning architectures

1. Convolutional neural networks
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Figure 1: Encoder architecture schematics. Underscore denotes padding. A dotted vertical line delimits each segment.

Lee, Jason,Kyunghyun Cho, and Thomas Hofmann.
"Fully character-level neural machine translation without explicit segmentation."  arXiv preprint arXiv:1610.03017 (2016).
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Successful deep learning architectures

2. Recurrent neural network
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Successful deep learning architectures

2. Recurrent neural network
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Successful deep learning architectures

2. Recurrent neural network “positive” T
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Successful deep learning architectures

2. Recurrent neural network T T
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Data structures of shown examples are regular.
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Social Graph

(Facebook, Wikipedia) 3D Mesh Molecular Graph

All you need is GRAPH!
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Graplh structte
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A . Adjacency matrix
- Edges of a graph

- Connectivity, Relationship

Represent relationship or interaction between elements of the system



