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[1] Hinton, Geoffrey E., Simon Osindero, and Yee-Whye Teh. "A fast learning
algorithm for deep belief nets." Neural computation 18.7 (2006): 1527-1554.
[2] Hinton, Geoffrey E., and Ruslan R. Salakhutdinov. "Reducing the
Dimensionality of Data with Neural Networks." Science, vol. 313, no. 5786,
2006, pp. 504-507. doi:10.1126/science.1127647.
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Glorot, Xavier, and Yoshua Bengio. "Understanding the difficulty of training deep feedforward neural networks." Proceedings of the thirteenth international conference on
artificial intelligence and statistics. JMLR Workshop and Conference Proceedings, 2010.
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He, Kaiming, et al. "Delving deep into rectifiers: Surpassing human-level performance on imagenet classification." Proceedings of the IEEE international conference on

computer vision. 2015.
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[1] Sitzmann, Vincent, et al. "Implicit neural representations with periodic
activation functions." Advances in neural information processing systems 33
(2020): 7462-7473.
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loffe, Sergey, and Christian Szegedy. "Batch normalization: Accelerating deep network training by reducing internal covariate shift." International conference on machine

learning. pmlr, 2015.
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[1] Zhao, Jiawei, Florian Schafer, and Anima Anandkumar. "Zero initialization: Initializing neural networks with only zeros and ones." arXiv preprint arXiv:2110.12661

(2021).
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Li, Hao, et al. "Visualizing the loss landscape of neural nets." Advances in neural
information processing systems 31 (2018).
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Adarh

Adarax

hazlar

arseidar

mplements Adadelta algorzhm.

mplements Adagrad algoritim.

mplements Acam algorehm.

miplements Acanwy algorithim.

SparseAdam implements a masked version of the Adam
algorithim suitable for sparse gradients.

rriplements Adamax algarithen {3 variant of Acam based on
infinity normj.

mplements Ayeraged Stochastic Gradient Desoent.

rmplements L-BFGES algorithm.

rmiplements MAdam algorithm.

rmplements Afdam algorithm.

mplements AMSprop algorithm.

mplements the resilient backpropagation ugcrugn7 / 7 9
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Ise, T., & Oba, Y. (2019). Forecasting Climatic Trends Using Neural Networks: An
Experimental Study Using Global Historical Data. Frontiers in Robotics and Al, 6,
446979. https://doi.org/10.3389/frobt.2019.00032
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