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Machine learning and representation learning
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Discriminative features
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Principles of using neural networks for predicting molecular traits from DNA sequence
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Table 1. Overview of existing deep learning frameworks, comparing four widely used software solutions.

Caffe Theano Torch? TensorFlow
Core language (+ Python, C++ LualIT C+
Interfaces Python, Matlab Python C Python
Wrappers Lasagne, Keras, sklearn-theano Keras, Pretty Tensar, Scikit Flow
Programming paradigm Imperative Declarative Imperative Declarative
Well suited for CNNs, Reusing existing Custom models, RNNs Custom models, CNNSs, Custom models, Parallelization,
models, Computer vision Reusing existing models RNNSs
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