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Hochreiter(1997) NC

Long Short-Term Memory

1 Graves(2013) ICAS Speech recognition with deep recurrent neural networks
Hinton(2006) NC A Fast Learning Algorithm for Deep Belief Nets
Hinton(2006) SCIENCE Reducing the Dimensionality of Data with Neural Networks

1 C2 | Hinton(2002) NC Training Products of Experts by Minimizing Contrastive Divergence

Vincent(2008) P2ICML Extracting and composing robust features with denoising autoencoders
Bengio(2009) FaTiML Learning Deep Architectures for Al

c8 Tibshirani(1996) JRSSBM Regression shrinkage and selection via the lasso: a retrospective
Tenenbaum(2000) SCIENCE A Global Geometric Framework for Nonlinear Dimensionality Reduction

9 Breiman(1984) CR Classification and Regression Trees

Breiman(2001) ML Random Forests

5 Huanq(2012) ITSMCB

Extreme Learning Machine for Regression and Multiclass Classification

A C15 | Cybenko(1989) MoC

Approximation by superpositions of a sigmoidal function

Cortes(1995) ML

Support-Vector Networks

Rosenblatt(1958) PR

The perceptron: A probabilistic model for information storage and organization in the brain

C3 | Mnih(2015) NATURE

Human-level control through deep reinforcement learning

Jaeger(2004) SCIENCE

Harnessing Nonlinearity: Predicting Chaotic Systems and Saving Energy in Wireless Communication

KhalighRazavi(2014) PCB

Deep Supervised, but Not Unsupervised, Models May Explain IT Cortical Representation

Fukushima(1980) BC shift in position

Neocognitron: A self-organizing neural network model for a mechanism of pattern recognition unaffected by

Guclu(2015) IN Stream

Deep Neural Networks Reveal a Gradient in the Complexity of Neural Representations across the Ventral

Leung(2014) BIOINFORMATICS | Deep learning of the tissue-requlated splicing code

C7 | Alipanahi(2015) NB

Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning

Zhou(2015) NM

Predicting effects of noncoding variants with deep learning-based sequence model

Felzenszwalb(2004) 1)CV

Efficient Graph-Based Image Segmentation

3 ca Achanta(2012) ITPA SLIC Superpixels Compared to State-of-the-Art Superpixel Methods
ci1 Chen(2014) I Deep Learning-Based Classification of Hyperspectral Data
Chen(2015) I Spectral-Spatial Classification of Hyperspectral Data Based on Deep Belief Network
Krizhevsky(2012) ANIP ImageNet Classification with Deep Convolutional Neural Networks
c6 Srivastava(2014) JMLR Dropout: a simple way to prevent neural networks from overfitting

Lecun(1998) PI

Gradient-based learning applied to document recognition

4 LeCun(2015) NATURE Deep learning

Timofte(2013) NICCV

Anchored Neighborhood Regression for Fast Example-Based Super-Resolution

C10 | Dong(2016) ITPA

Image Super-Resolution Using Deep Convolutional Networks

B Yang(2010) ITIP

Image Super-Resolution Via Sparse Representation

Wang(2010) PCl

Locality-constrained Linear Coding for image classification

C1y | Lowe2004) ICV

Distinctive Image Features from Scale-Invariant Keypoints

Dalal(2005) PCI

Histograms of oriented gradients for human detection

Lazebnik(2006) PIICCV

Beyond Bags of Features: Spatial Pyramid Matching for Recognizing Natural Scene Categories

Laptev(2005) UCV

On Space-Time Interest Points

6 Wang(2013) 1ICCV

Action Recognition with Improved Trajectories

C13 Le(2011) PICCVP gﬁaawsn‘wsg hierarchical invariant spatio-temporal features for action recognition with independent subspace
Ji(2013) ITPA 3D Convolutional Neural Networks for Human Action Recognition
c14 Cheriyadat(2014) ITGR Unsuperyised Feature Learning for Aer_\'a\ Scene C\assiﬂcation‘_ .
Yang(2010) P1SI Bag-of-visual-words and spatial extensions for land-use classification
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Van Eck, N. J., & Waltman, L. (2014). CitNetExplorer:
A new software tool for analyzing and visualizing

citation networks. Journal of Informetrics, 8(4),
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