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Chherawala, Y., Cisse, M., Côté, M., Erhan, D., Eustache, J., Glorot, X., Muller,
X., Pannetier Lebeuf, S., Pascanu, R., Rifai, S., Savard, F., and Sicard, G.
(2011). Deep learners benefit more from out-of-distribution examples. In JMLR
W&CP: Proc. AISTATS’2011.

Bengio, Y., Boulanger-Lewandowski, N., and Pascanu, R. (2013a). Advances in
optimizing recurrent networks. In Proc. ICASSP 38.

Bengio, Y., Mesnil, G., Dauphin, Y., and Rifai, S. (2013b). Better mixing via
deep representations. In Proceedings of the 30th International Conference on
Machine Learning (ICML’13). ACM.

Bengio, Y., Li, Y., Alain, G., and Vincent, P. (2013c). Generalized denoising auto-
encoders as generative models. Technical Report arXiv:1305.6663, Universite
de Montreal.

Bengio, Y., Courville, A., and Vincent, P. (2013d). Unsupervised feature learn-
ing and deep learning: A review and new perspectives. IEEE Trans. Pattern
Analysis and Machine Intelligence (PAMI).

Bergstra, J. and Bengio, Y. (2009). Slow, decorrelated features for pretraining
complex cell-like networks. In NIPS’2009.

Bergstra, J. and Bengio, Y. (2012). Random search for hyper-parameter optimiza-
tion. Journal of Machine Learning Research, 13, 281–305.

Bergstra, J., Breuleux, O., Bastien, F., Lamblin, P., Pascanu, R., Desjardins, G.,
Turian, J., Warde-Farley, D., and Bengio, Y. (2010). Theano: a CPU and GPU
math expression compiler. In Proceedings of the Python for Scientific Comput-
ing Conference (SciPy). Oral Presentation.

Bergstra, J., Bardenet, R., Bengio, Y., and Kégl, B. (2011). Algorithms for hyper-
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