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Ar WYy =20 m|glg Sl [20084 ]
2o=e 218 HAE
ICML 2l g NAE
1 A Unified Architecture for Natural Language 1,519  Jason Weston, Ronan
[ 20054 ] Proce§S|ng Deep Neural Networks with Multitask Collobert
Learning
29 =2 g XxE
B ki = 2 Extracting and Composing Robust Features with 1,466  Yoshua Bengio, Hugo
1 Learning to Rank using Gradient Descent 1,507  Greg Hullender, Chris Burges Denoising Autoencoders Larochelle?| 29!
Q| 59!
! 3 Bayesian Probabilistic Matrix Factorization using 836 Andriy Mnih, Ruslan
2 Fast Maximum Margin Matrix Factorization 707 Nati Srebro, Jason D. M. Markov Chain Monte Carlo Salakhutdinov
for Collaborative Predicti Renni - . . E
or toflaborative Frediction ennie 4 Efficient Projections onto the L1-Ball for Learning 687 Tushar Chandra, John Duchi
3 A Support Vector Method for Multivariate 706 Thorsten Joachims in High Dimensions Q| 20!
Perf M R . e
ertormance Measures 5 A Dual Coordinate Descent Method for Large-scale 598 S. Sundararajan, Cho-Jui Hsieh
4 Comparing Clusterings - An Axiomatic View 522 Marina Meila Linear SVM 2| 391
5 Semi-supervised Graph Clustering A Kernel 442  Raymond J. Mooney, Brian 6 Training Restricted Boltzmann Machines using 480  Tijmen Tieleman
Approach Kulis | 22! Approximations to the Likelihood Gradient
6 Learning Structured Prediction Models 441 Carlos Guestrin, Ben Taskar 7 Classification using Discriminative Restricted 437 Yoshua Bengio, Hugo
A Large Margin Approach Q| 201 Boltzmann Machines Larochelle
7  Beyond the Point Cloud from Transductive to 41 Mikhail Belkin, Vikas 8  Fast Support Vector Machine Training and 368  Kurt Keutzer, Bryan Catanzaro
Semi-supervised Learning Sindhwani | 191 Classification on Graphics Processors Q| 1¢l
8  Learning from Labeled and Unlabeled Dataona 346  Bernhard Schalkopf, Dengyong 9 Deep Learning via Semi-Supervised Embedding 360  Ronan Collobert, Jason
Directed Graph Zhou 2] 19! Weston®] 19!
9  Near-Optimal Sensor Placements in Gaussian 341 Ajit Pauk Singh, Carlos 10 Listwise Approach to Learning to Rank - Theory ~ 345  Hang Li, Fen Xia2| 39!
Processes Guestrin 2| 121 and Algorithm
10 Non-Negative Tensor Factorization with 337 Tamir Hazan, Amnon Shashua
Applications to Statistics and Computer Vision [20094 ]
=9 =8 elg  mxE
[2006 ] - )
1 Convolutional Deep Belief Networks for 1,379  Andrew Y. Ng, Honglak Lee
=2 =2 olg  XXE Scalable Unsupervised Learning of Hierarchical 2| 29!
N K — N X Representations
1 The Relationship Between Precision-Recall and 1,807 Mark Goadrich, Jesse Davis
ROC Curves 2 Online Dictionary Learning for Sparse Coding 1185  Guillermo Sapiro, Julien Mairal
9| 29!
2 Dynamic Topic Models 1,440 John D. Lafferty, David M. Blei
— N N N N . 3 Group Lasso with Overlaps and Graph Lasso 558  Jean-Philippe Vert, Laurent
3 An Empirical Comparison of Supervised Learning 1,132 Alexandru Niculescu-Mizil, Jacob €] 19!
Algorithms Rich Caruana
- - 4 Learning Structural SVMs with Latent Variables 547 Thorsten Joachims , Chun-
4 Topic Modeling Beyond Bag-of-Words 623 Hanna M. Wallach Nam Yu
5 Label Propagation through Linear Neighborhoods 569 Changshui Zhang, Fei Wang 5 Curriculum Learning 453 Jason Weston, Yoshua Bengio
6 Cover Trees for Nearest Neighbor 548 John Langford, Alina ol 2¢l
Beygelzimer 2| 12! 6 Evaluation Methods for Topic Models 427  David Mimno, Hanna Wallach
7 Pachinko Allocation DAG-Structured Mixture 512 Andrew McCallum, Wei Li ©f 29l
Models of Topic Correlations 7 Feature Hashing for Large Scale Multitask Learning 386 Josh Attenberg, Kilian
8  Connectionist Temporal Classification Labelling 426 Juergen Schmidhuber, Alex Weinberger ] 39!
Unsegmented Sequence Data with Recurrent Graves 2| 2¢! 8 Learning with Structured Sparsity 378  Dimitris Metaxas, Junzhou
Neural Networks Huang 2| 19!
9 Fast Time Series Classification using Numerosity ~ 383 Chotirat Ann R, Xiaopeng Xi 9 Identifying Suspicious URLs An Application of 340 Geoffrey M. Voelker, J. Ma
Reduction 9| 201 Large-Scale Online Learning Q| 2¢!
10 Accelerated Training of Conditional Random Fields 344  Kevin P. Murphy, S. 10 More Generality in Efficient Multiple Kernel 339  Rakesh Babu, Manik Varma
with Stochastic Gradient Methods Vishwanathand 2| 29! Learning
[2007'4] [2010 ]
=9 =8 g  XxE 20| =2 olg  XNxE
1 Pegasos Primal Estimated sub-GrAdient SOlver 1523 Shai Shalev-Shwartz, Yoram 1 Rectified Linear Units Improve Restricted 1484  Geoffrey E. Hinton, Vinod Nair
for SVM Singer 2] 121 Boltzmann Machines
2 Information-Theoretic Metric Learning 1,271 Jason V. Davis, Brian Kulis 2 3D Convolutional Neural Networks for Human 747 Kai Yu, Shuiwang Ji | 291
1 3¢ Action Recognition
3 Self-taught Learning Transfer Learning from 1,003 Andrew Y. Ng, Honglak Lee 3 Robust Subspace Segmentation by Low-Rank 686  Yong Yu, Guangcan Liu 2| 19!
Unlabeled Data 9| 39! Representation
4 Learning to Rank From Pairwise Approach to 993 Zhe Cao, Tao Qin 2| 32! 4 ATheoretical Analysis of Feature Pooling in Visual 455  Yann LeCun, Y-Lan Boureau
Listwise Approach Recognition 2 1¢l
5 Restricted Boltzmann Machines for Collaborative 818  Geoffrey E. Hinton, R. 5 Gaussian Process Optimization in the Bandit Setting378 ~ Matthias Seeger, Niranjan
Filtering Salakhutdinov 2| 19! No Regret and Experimental Design Srinivas 2| 2!
6  Boosting for Transfer Learning 781 Wenyuan Dai, Qiang Yang 6  Detecting Large-Scale System Problems by Mining 376 ~ Michael I. Jordan, Wei Xu
2| 29! Console Logs 2| 3¢9l
7 Combining Online and Offline Knowledge in UCT ~ 507  Sylvain Gelly, David Silver 7 Deep learning via Hessian-free optimization 349 James Martens
8  An Empirical Evaluation of Deep Architectureson 452 Yoshua Bengio, Hugo 8  Proximal Methods for Sparse Hierarchical Dictionary301  Francis Bach, Rodolphe
Problems with Many Factors of Variation Larochelle 2| 32! Learning Jenatton 2| 29!
9 Trust Region Newton Methods for Large-Scale 426 Chih-Jen Lin, Ruby Chiu-Hsing 9  Tree-Guided Group Lasso for Multi-Task Regression282  Eric P. Xing, Seyoung Kim
Logistic Regression Weng 2| 12! with Structured Sparsity
10 Scalable Training of L1-regularized Log-linear 413 Galen Andrew, Jianfeng Gao 10 Large Graph Construction for Scalable Semi- 269 Shih-Fu Chang, Wei Liu 2| 19!
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[20114] [20144]
=9 =28 g M= =9 =2 g xxs
1 Multimodal Deep Learning 665 Andrew Y. Ng, Honglak Lee 1 DeCAF A Deep Convolutional Activation 1,257  Trevor Darrell, Jeff Donahue
2| 491 Feature for Generic Visual Recognition e[ 52l
2 Parsing Natural Scenes and Natural Language 554 Andrew Y. Ng, Chris Manning 2 Distributed Representations of Sentences and 1,005 Tomas Mikolov, Quoc Le
with Recursive Neural Networks 2l 29! Documents
3 Domain Adaptation for Large-Scale Sentiment 532 Yoshua Bengio, Xavier Glorot 3 Stochastic Backpropagation and 354 Daan Wierstra, Danilo J.
Classification A Deep Learning Approach Q19! Approximate Inference in Deep Generative Rezende 2| 19!
4 The Importance of Encoding Versus Training 466 Andrew Y. Ng, Adam Coates Models
with Sparse Coding and Vector Quantization 4 Towards End-To-End Speech Recognition with 285  Navdeep Jaitly, Alex Graves
5 Hashing with Graphs 451 shih-Fu Chang, Wei Liu ©] 29! Recurrent Neural Networks
6 Contractive Auto-Encoders Explicit Invariance 436 Yoshua Bengio, Salah RIFAI 5 Recurrent Cpnvo\utional Neural Networks for 243 R.onar.l Collobert, Pedro
During Feature Extraction Q| 39! Scene Labeling Pinheiro
7 Manifold Identification of Dual Averaging 415 Stephen Wright, Sangkyun 6  Multimodal Neural Language Models 165 Rich Zemel, Ryan Kiros 2/ 121
Methods for Regularized Stochastic Online Learning Lee 7 Neural Variational Inference and Learning in Belief 159  Karol Gregor, Andriy Mnih
8  Generating Text with Recurrent Neural Networks 376  Geoffrey E. Hinton, llya Networks
Sutskever 2| 19! 8 An Asynchronous Parallel Stochastic Coordinate 146 Srikrishna Sridhar, Ji Liu 2| 39!
9 On optimization methods for deep learning 356 Andrew Y. Ng Quoc Le 2| 49! Descent Algorithm
10 Minimal Loss Hashing for Compact Binary Codes 345  David Fleet, Mohammad 9  Deep Generative Stochastic Networks Trainable by 139 Jason Yosinski, Yoshua Bengio
Norouzi Backprop 2| 29!
10 Austerity in MCMC Land Cutting the Metropolis- 114 Max Welling, Anoop
Hastings Budget Korattikara 2| 19!
[201214]
¢ =2 olg  mMxE
P ; — [20151 ]
1 Building high-level features using large scale 1147  Andrew Y. Ng, Marc'Aurelio
unsupervised learning Ranzato 2| 52! &9 =2 olg MRS
2 Conversational Speech Transcription Using Context-563  Gang Li, Dong Yu €| 19! 1 Batch Normalization Accelerating Deep Network 1,356  Christian Szegedy, Sergey
Dependent Deep Neural Networks Training by Reducing Internal Covariate Shift loffe
3 Conditional Likelihood Maximization A Unifying 408  Mikel Lujan, Gavin Brown 2 Show Attend and Tell Neural Image Caption 663 Yoshua Bengio, Kelvin Xu
Framework for Information Theoretic Feature 2| 29! Generation with Visual Attention 2| 691
Selection
3 DRAW A Recurrent Neural Network For Image 339 Daan Wierstra, Karol Gregor
4 Afastand simple algorithm for training neural 198  Yee Whye Teh, Andriy Mnih Generation 9| 39!
probabilistic language models
4 Unsupervised Learning of Video Representations 224 Ruslan Salakhudinov, N.
5 Modeling Temporal Dependencies in High- 197 Yoshua Bengio, Pascal Vincent using LSTMs Srivastava 2| 191
Dimensional Sequences Application to Polyphonic Q19!
Music Generation and Transcription 5 An Empirical Exploration of Recurrent Network 186 Ilya Sutskever, Rafal
- . - N — Architectures Jozefowicz 2| 191
6 Marginalized Denoising Autoencoders for Domain 195 Fei Sha, Minmin Chen 2| 29!
Adaptation 6 Deep Learning with Limited Numerical Precision 124 Pritish Narayanan, Suyog
Gupta 2| 29!
7 Revisiting k-means New Algorithms via Bayesian 191 Michael Jordan, Brian Kulis pta 2|
Nonparametrics 7 Trust Region Policy Optimization 19 Philipp Moritz, John Schulman
" " - - - - - 2l 3¢9l
8 High Dimensional Semiparametric Gaussian Copula 190 Larry Wasserman, Han Liu |
Graphical Models Q| 39! 8 Learning Transferable Features with Deep 115 Michael Jordan, Mingsheng
- - - - - i Q| 201
9 Learning Task Grouping and Overlap in Multi-task 161 Hal Daume Ill, Abhishek Adaptation Networks Long 2| 2
Learning Kumar 9  Unsupervised Domain Adaptation by m Victor Lempitsky, Yaroslav
10 Making Gradient Descent Optimal for Strongly 148 Karthik Sridharan, Alexander Backpropagation Ganin
Convex Stochastic Optimization Rakhlin 2| 12! 10 Compressing Neural Networks with the Hashing 92 Yixin Chen, Wenlin Chen
Trick Q| 39!
[20134]
29l =2 olg xS [20161]
1 Revisiting Frank-Wolfe Projection-Free Sparse 322 Martin Jaggi =9 =8 olg  xxtE
Convex Optimization 1 Ask Me Anything Dynamic Memory Networks for 142 Richard Socher, Ankit Kumar
2 Block-Coordinate Frank-Wolfe Optimization for 169 Patrick Pletscher, S. Lacoste- Natural Language Processing el 7¢l
ien 2| 29! R
Structural SYMs Julien 2| 2 2 Asynchronous Methods for Deep Reinforcement 142 Koray Kavukcuoglu,
3 A Practical Algorithm for Topic Modeling with 142 Michael Zhu , Sanjeev Arora Learning Volodymyr Mnih | 62!
Provabl t 9| 69l
rovable Guarantees 16 3 Deep Speech 2 End-to-End Speech Recognition 138 Zhenyao Zhu, Dario Amodei
4 Connecting the Dots with Landmarks 135 Fei Sha, Boging Gong 2| 12! in English and Mandarin 2| 10¢!
Discriminatively Learning Domain-Invariant .
Features for Unsupervised Domain Adaptation 4 Pixel Recurrent Neural Networks 105 gorzyglﬁgulkcuoglu, Aaron V.
or el
5 Adaptive Task Assignment for Crowdsourced 126 Jennifer W. Vaughan, Chien-Ju - — - - N
Classification Ho 2] 19! 5 Dropout as a Bayesian Approximation 96 Zoubin Ghahramani, Yarin Gal
Representing Model Uncertainty in
6 Stochastic Gradient Descent for Non-smooth 122 Tong Zhang, Ohad Shamir Deep Learning
Optimization Convergence Results and Optimal
Averaging Schemes 6 Dynamic Memory Networks for Visual and Textual 85 Richard Socher, Caiming Xiong
Question Answering Q19!
7 Fast dropout training 109 Christopher Manning , Sida
Wang 7 Train faster generalize better Stability of 62 Yoram Singer, Moritz Hardt
stochastic gradient descent Q19!
8 Making a Science of Model Search Hyperparameter 108 David Cox , James Bergstra
Optimization in Hundreds of Dimensions for Vision 9l 10! 8 Low-rank Solutions of Linear Matrix Equations 61 Ben Recht, Stephen Tu 2| 39!
Architectures via Procrustes Flow
9 Stochastic Alternating Direction Method of 101 Alexander Gray , Hua Ouyang 9  Autoencoding beyond pixels using a learned 60 Hugo Larochelle, Ole Winther
Multipliers Q| 20l similarity metric 9 201
10  Combinatorial Multi-Armed Bandit General 98 Yang Yuan, Wei Chen 2| 19! 10  Dueling Network Architectures for Deep 58 Nando de Freitas, Ziyu Wang

Framework and Applications
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NIPS [20084 ]
29 £=2 o8 RIS
[2005H ] =
= 1 Spectral Hashing 1,365 Yair Weiss, Antonio Torralba
=2 =8 elg  MxE R
1 Distance Metric Learning for Large 1419 Kilian Q Weinberger, John 2 Mixed Membership Stochastic Blockmodels 1147 Edo M. Airoldi, David M. Blei
Margin Nearest Neighbor Blitzer 2| 12! 2| 29!
Classification
3 Supervised Dictionary Learning 827 Julien Mairal, Jean Ponce
2 Saliency Based on Information Maximization 942 Neil Bruce, John Tsotsos 9| 301
3 Laplacian Score for Feature Selection 81 Xiaofei He, Deng Cai | 12! 4 AScalable Hierarchical Distributed Language Model471 Andriy Mnih, Geoffrey E.
4 Correlated Topic Models 725 John D. Lafferty, David M. Hinton
Blei 5 Offline Handwriting Recognition with 377 Alex Graves, Juergen
5 Sparse Gaussian Processes using Pseudo-inputs 663 Edward Snelson, Zoubin Multidimensional Recurrent Neural Networks Schmidhuber
Ghahramani 6 Dynamic visual attention searching for coding 370 Xiaodi Hou, Liging Zhang
6 Infinite latent feature models and the 628 Z. Ghahramani, Thomas L. length increments
Indian buffet process Griffiths 7 Policy Search for Motor Primitives in Robotics 360 Jens Kober, Jan R. Peters
7 Metric Learning by Collapsing Classes 590 Amir Globerson, Sam T. 8 DiscLDA Discriminative Learning for Dimensionality329 Simon Lacoste-Julien, Fei
Roweis Reduction and Classification Sha 2| 12!
8 Multiple Instance Boosting for Object Detection 578 Cha Zhang, John C. Platt 9 Sparse Online Learning via Truncated Gradient 315 John Langford, Lihong Li
Q19! 91l
9 Location-based activity recognition 518 Lin Liao, Dieter Fox 2| 19! 10 Near-optimal Regret Bounds for Reinforcement 249 Peter Auer, Thomas Jaksch
Learning 919!
10 Bayesian Surprise Attracts Human Attention 508 Laurent Itti, Pierre F. Baldi
[20094 ]
[ 20064 ]
29 =2 olg xS
29 =2 o8 mxs A 5 TS
- - - 1 Robust Principal Component Analysis Exact 828 John Wright, Arvind Ganesh
1 Graph-Based Visual Saliency 2,261 Jonathan Harel, Christof Recovery of Corrupted Low-Rank Matrices via 9| 301
Koch 2| 12! Convex Optimization
2 Greedy Layer-Wise Training of Deep Networks 2,076  Yoshua Bengio, Hugo 2 Reading Tea Leaves How Humans Interpret Topic 780 Jonathan Chang, Sean
Larochelle Models Gerrish 2] 391
3 Efficient sparse coding algorithms 2,030  Andrew Y. Ng, Honglak Lee 3 Nonlinear Learning using Local Coordinate Coding 613 Kai Yu, Tong Zhang 2| 19!
9| 20!
4 Fast Image Deconvolution using Hyper-Laplacian 607 Dilip Krishnan, Rob Fergus
4 Map-Reduce for Machine Learning on Multicore 1,216 Andrew Y. Ng, Sang K. Kim Priors
Q| 501
! 5 A unified framework for high-dimensional analysis 570 P. K. Ravikumar, S. Negahban
5 Multi-Task Feature Learning 797 Andreas Argyriou, T. of M-estimators with decomposable regularizers Q[ 20!
Evgeniou 2| 19! - PR
vgeniou 2| 6 Whose Vote Should Count More Optimal 552 Jacob Whitehill, Ting-fan Wu
6 Efficient Learning of Sparse 689 Yann LeCun, Marc'Aurelio Integration of Labels from Labelers of Unknown 2| 39!
Representations Ranzato 2| 22! Expertise
with an Energy-Based Model 7 Unsupervised feature learning for audio 539 Andrew Y. Ng, Honglak Lee
7 Correcting Sample Selection Bias by Unlabeled 632 Jiayuan Huang, Arthur classification using convolutional deep belief 9| 201
Data Gretton 2| 39! networks
8  Sparse Representation for Signal Classification 531 Ke Huang, Selin Aviyente 8  Efficient Learning using Forward-Backward 447 Yoram Singer, John C. Duchi
Splitting
9 A Kernel Method for the Two-Sample-Problem 508 Arthur Gretton, K. M.
Borgwardt 2| 39! 9 Learning to Hash with Binary Reconstructive 425 Brian Kulis, Trevor Darrell
Embeddings
10 Learning to parse images of articulated bodies 489 Deva Ramanan
10 Locality-sensitive binary codes from shift-invariant 417 Maxim Raginsky, Svetlana
kernels Lazebnik
[2007'4 ]
=G = og xS [2010]
1 Supervised Topic Models 1724 Jon D. Mcauliffe, David M. 2o =2 ol pPNI=]
Blei
1 Online Learning for Latent Dirichlet Allocation 773 Matthew Hoffman, Francis R.
2 Probabilistic Matrix Factorization 1573 Andriy Mnih, R. R. Bach 2| 19!
Salakhutdinov A N - A
2 Object Bank A High-Level Image Representation 733 Li-jia Li, Hao Su 2| 29!
3 Random Features for Large-Scale 844 Ali Rahimi , Benjamin Recht for Scene Classification Semantic Feature
Kernel Machines Sparsification
4 The Tradeoffs of Large Scale Learning 791 Olivier Bousquet, Leon 3 Efficient and Robust Feature Selection via Joint 579 Feiping Nie, Heng Huang
Bottou 21-Norms Minimization Q| 291
5 Sparse deep belief net model for visual area V2 688 Andrew Y. Ng, Honglak Lee 4 The Multidimensional Wisdom of Crowds 452 Peter Welinder, Steve
ol 10l Branson 2| 29!
6 Direct Importance Estimation with 470 Masashi Sugiyama, S. 5 Parallelized Stochastic Gradient Descent 448 Martin Zinkevich, Markus
Model Selection and Its Application Nakajima 2| 39! Weimer 2| 2¢!
to Covariate Shift Adaptation 6 Monte-Carlo Planning in Large POMDPs 375 David Silver, Joel Veness
7 Sparse Feature Learning for Deep Belief Networks 459 Yann LeCun, Marc'Aurelio 7 Learning Convolutional Feature Hierarchies for 348 Yann LeCun, Koray
Ranzato 2| 19! Visual Recognition Kavukcuoglu 9| 49!
8 Multi-task Gaussian Process Prediction 402 Edwin V. Bonilla, Kian M. 8 Robust PCA via Outlier Pursuit 334 Huan Xu, Constantine
Chai 219! Caramanis 2| 191
9 Predicting human gaze using low-level saliency 359 Moran Cerf, Jonathan Harel 9 Kernel Descriptors for Visual Recognition 272 Liefeng Bo, Xiaofeng Re
combined with face detection Q| 29! 2|19l
10 SpAM Sparse Additive Models 341 Han Liu, Larry Wasserman 10 Label Embedding Trees for Large Multi-Class Tasks 235 Samy Bengio, Jason Weston

9| 29!

9| 1¢l
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[20114] [20144]
a9 =z olg XX =9 =2 g MxE
1 Hogwild A Lock-Free Approach to Parallelizing 632 Benjamin Recht, Christopher 1 Sequence to Sequence Learning with Neural 1473 llya Sutskever, Oriol Vinyals
Stochastic Gradient Descent Re 2| 20! Networks 919l
2 Efficient Inference in Fully Connected 562 Philipp Krahenbuhl, Vladlen 2 Learning Deep Features for Scene Recognition 697 Bolei Zhou, Agata Lapedriza
CRFs with Gaussian Edge Potentials Koltun using Places Database Q| 30!
3 Dynamic Pooling and Unfolding Recursive 401 Andrew Y. Ng, C. D. Manning 3 Two-Stream Convolutional Networks for Action 636 Karen Simonyan, Andrew
Autoencoders for Paraphrase Detection 2l 39! Recognition in Videos Zisserman
4 Linearized Alternating Direction Method with 388 Zhouchen Lin, Risheng Liu 4 Generative Adversarial Nets 574 Yoshua Bengio, lan
Adaptive Penalty for Low-Rank Representation 219! Goodfellow 2| 62!
5 Algorithms for Hyper-Parameter Optimization 320 James S. Bergstra, Remi 5 How transferable are features in deep neural 515 Jeff Clune, Yoshua Bengio
Bardenet 2| 29! networks? 9| 29!
6 An Empirical Evaluation of Thompson Sampling 293 Olivier Chapelle, Lihong Li 6 Deep Learning Face Representation by Joint 337 Yi Sun, Yuheng Chen
. - - ] — | ification-Verificati
7 Im2Text Describing Images Using 1 Million 279 Vicente Ordonez, Girish dentification-Verification
Captioned Photographs Kulkarni 2| 191 7 Neural Word Embedding as Implicit Matrix 300 Omer Levy, Yoav Goldberg
8 Co-regularized Multi-view Spectral Clustering 266 Abhishek Kumar, Piyush Rai actorization
2|19l 8 Recurrent Models of Visual Attention 288 Volodymyr Mnih, Nicolas
. . . . . H
9 Iterative Learning for Reliable Crowdsourcing 254 David R. Karger, Sewoong Oh eess
Systems ef19l 9 Joint Training of a Convolutional Network anda 288 Yann LeCun, Christoph
) L 9| 201
10 Semantic Labeling of 3D Point Clouds for Indoor 238 Hema S. Koppula, Abhishek Graphical Model for Human Pose Estimation Bregler 2| 2
Scenes Anand 2| 29! 10 Depth Map Prediction from a Single Image 241 David Eigen, Christian
using a Multi-Scale Deep Network Puhrsch 2| 121
[201214]
5
29 =8 08 mnE (20159 ]
=== o8 AAS
1 ImageNet Classification with Deep Convolutional 11,057  llya Sutskever, Geoffrey E. i ° 1xE
Neural Networks Hinton 2] 12! 1 Faster R-CNN Towards Real-Time Object Detection 964 Shaoqing Ren, Kaiming He
. . 9| 201
2 Large Scale Distributed Deep Networks 845 Andrew Y. Ng, Marc'Aurelio with Region Proposal Networks 12
Ranzato 2| 109! 2 Spatial Transformer Networks 263 Max Jaderberg, Karen
) 9| 201
3 Practical Bayesian Optimization of Machine 748 Jasper Snoek, Hugo Simonyan 2| 2
Learning Algorithms Larochelle | 12! 3 End-To-End Memory Networks 240 Sainbayar Sukhbaatar, Arthur
2| 291
4 Learning to Discover Social Circles 577 Jure Leskovec, Julian J. szlam 2| 2
in Ego Networks Mcauley 4 Skip-Thought Vectors 233 Ryan Kiros, Yukun Zhu 2| 5¢!
5 Multimodal Learning with Deep Boltzmann 564 Nitish Srivastava, R. R, 5 Teaching Machines to Read and Comprehend 214 Karl Moritz Hermann, Tomas
Machines Salakhutdinov Kocisky 2| 59!
6 Deep Neural Networks Segment Neuronal 340 Dan Ciresan, Alessandro 6 Deep Generative Image Models using a Laplacian 214 Emily L. Denton, Soumith
Membranes in Electron Microscopy Images Giusti 2| 29! Pyramid of Adversarial Networks Chintala 2| 22!
7 A Stochastic Gradient Method with 262 Nicolas L. Roux, Mark 7 Grammar as a Foreign Language 196 llya Sutskever, Geoffrey E.
an Exponential Convergence Rate for Finite Schmidt 2] 19! Hinton 2| 49!
Training Sets 8 Learning both Weights and Connections for 168 Song Han, Jeff Pool 2| 29!
8 Convolutional-Recursive Deep Learning for 3D 223 C. D. Manning, Andrew Y. Ng Efficient Neural Network
) I 9| 301 -
Object Classification 13 9 Character-level Convolutional Networks for Text 159 Junbo Zhao, Yann LeCun
9 Image Denoising and Inpainting with Deep Neural 181 Junyuan Xie, Linli Xu 2| 12! Classification el 10l
Networks 10 Training Very Deep Networks 154 Rupesh K. Srivastava, Klaus
10 ASimple and Practical Algorithm for Differentially 155 Moritz Hardt, Katrina Ligett Greff 2] 191
Private Data Release 2|19l
[20164 ]
5|
[2013H] 29| =3 olg pebyi=s
29| =3 olg TKI=
| bl ixHE 1 Improved Techniques for Training GANs 123 Tim Salimans, lan Goodfellow
1 Distributed Representations of Words 3,600 Jeff Dean, llya Sutskever Q| 491
] L ol 301
and Phrases and their Compositionality 132! 2 InfoGAN Interpretable Representation Learning 59 Xi Chen, llya Sutskever
2 DeViSE A Deep Visual-Semantic 381 Jeff Dean, Marc'Aurelio by Information Maximizing Generative Adversarial Q| 50!
Embedding Model Ranzato 2| 59! Nets
3 Accelerating Stochastic Gradient Descent using 378 Rie Johnson, Tong Zhang 3 Conditional Image Generation with PixelCNN 46 Aaron Oord, Nal
Predictive Variance Reduction Decoders Kalchbrenner 2| 491
4 Reasoning With Neural Tensor Networks for 327 C.D. Manning, Andrew Y. Ng 4 A Theoretically Grounded Application of Dropout 43 Yarin Gal, Zoubin
Knowledge Base Completion 2| 20! in Recurrent Neural Networks Ghahramani
5 Deep Neural Networks for Object Detection 287 Christian Szegedy, Alexander 5 Matrix Completion has No Spurious 42 Rong Ge, Jason D. Lee 2| 12!
Toshev 2] 191 Local Minimum
6 Translating Embeddings for Modeling Multi- 272 Antoine Bordes, Nicolas 6 Generating Images with Perceptual Similarity 42 Alexey Dosovitskiy, Thomas
relational Data Usunier 2| 321 Metrics based on Deep Networks Brox
7 Zero-Shot Learning Through Cross-Modal Transfer 225 C.D. Manning, Andrew Y. Ng 7 R-FCN Object Detection via Region-based Fully 42 jifeng dai, Yi Li @] 22!
2l 2¢! Convolutional Networks
8 Learning a Deep Compact Image Representation 223 Naiyan Wang, Dit-Yan Yeung 8 Deep Exploration via Bootstrapped DQN 40 lan Osband, Charles Blundell
for Visual Tracking 9| 2¢!
9 Phase Retrieval using Alternating Minimization 182 Naiyan Wang, Dit-Yan Yeung 9 Residual Networks Behave Like Ensembles of 37 Andreas Veit, Michael J.
el1el Relatively Shallow Networks Wilber 2] 12!
10  Deep content-based music recommendation 174 Aaron v. Oord, Sander 10 Hierarchical Question-Image Co-Attention for 37 Jiasen Lu, Jianwei Yang

Dieleman 2| 19!

Visual Question Answering

2| 29!
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m|QI8sls 7|E2 2 49| 209(2| XX}

1. NIPSEt ICML &

[ NIPS 2} ICML2| 20055 KE{ 2016\ANX| =X Q12317} 7HE =2 XX} Top 20 ]

llya Sutskever [N 17658
Geoffrey E. Hinton [N 17673
Andrew Y. Ng I 16,409
Alex Krizhevsky [NNNEGNGNGGGEN 11,057
Yoshua Bengio NG 10.237
David M. Blei NN S 196
Honglak Lee NG 7243
Ruslan R. Salakhutdinov R 609
Hugo Larochelle [INNNEGEGN 5758
Kai Chen [INNNEGEEEEN 5592
Tomas Mikolov NN 5096
Jeff Dean [N 4526
Andriy Mnih IR /677
Marc'Aurelio Ranzato [N 4080
Francis R. Bach |IIIIEEEEEE 4000
Greg S. Corrado NN 3931
Jason Weston [N 3972
Quoc V. Le [N 3967
Zoubin Ghahramani NN 3738
Michael I. Jordan NI 3689

1|2l (citation)
o

2. NIPS
[ NIPS2| 2005\ $E{ 2016 M| 55 Q1828171 7He =2 XX} Top 20 ]

llya Sutskever [N 6765
Geoffrey E. Hinton |GGG 14,089
Alex Krizhevsky NG 11,057
Andrew Y. Ng [INNNENEG o019
David M. Blei [ INNEG 6224
Yoshua Bengio |G /563
Jeff Dean NG /526
Kai Chen NG /445
Tomas Mikolov [N 4064
Greg S. Corrado NN 30981
Ruslan R. Salakhutdinov [N 3977
Honglak Lee [N 3969
QuocV. Le [N 3384
Prof. Bernhard Schalkopf [N 3531
Francis R. Bach [N 3479
Rob Fergus I 3210
Antonio Torralba [N 3188
Hugo Larochelle [N 3169
Pietro Perona I 2908
Alex J. Smola [ 2882
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3.

[ ICML2| 2005 £E{ 2016\ANK| =X Q185147 IHE =

Andrew Y. Ng IR 7390

ICML

2 XX} Top 20 ]

Yoshua Bengio |G 5234

Geoffrey E. Hinton [N 3534

Honglak Lee NG 3279

Ronan Collobert [INNEG - 223
Shai Shalev-Shwartz [INNNRNEGEGENEEN 134
Jason Weston [IINNNENEGEGEGEGEGEGEEEEEN 70

Ruslan R. Salakhutdinov [ NNREREREEEN 2632

Hugo Larochelle |G 2599
Quoc Le NG 545
Andriy Mnih [N 460
Yoram Singer [ INNINEGEEEN 2406
Pascal Vincent | NNGEGNGE 2137
Nathan Srebro [INNNNEGSEN 2085
Brian Kulis NG 2,072
John Langford [N 2,020
Jesse Davis [N 2004
David M. Blei [ NNNEGEEN 1572
Francis Bach NG 1929
Thorsten Joachims NN 1331

[ o S|A AFO o =

x| T|OIS 314 49] 309/0| MRS
[ Total ]

R olgsis R
1 llya Sutskever 17688 17
2 Geoffrey E. Hinton 17673 30
3 Andrew Y. Ng 16,409 46
4 Alex Krizhevsky 11,057 1
5 Yoshua Bengio 10,287 50
6 David M. Blei 8196 23
7 Honglak Lee 7248 24
8 Ruslan R. Salakhutdinov 6,609 41
9 Hugo Larochelle 5,768 17
10 Kai Chen 5,592 3
n Tomas Mikolov 5,096 5
12 Jeff Dean 4,826 3
13 Andriy Mnih 4,677 n
14 Marc'Aurelio Ranzato 4,080 10
15 Francis R. Bach 4,000 24
16 Greg S. Corrado 3,981 2
17 Jason Weston 3972 17
18 Quoc V. Le 3,967 14
19 Zoubin Ghahramani 3,788 58
20 Michael I. Jordan 3,689 57
21 Tong Zhang 3,617 34
22 Rajat Raina 3534 4
23 Prof. Bernhard Schalkopf 3,531 29
24 Yoram Singer 3,464 14
25 Eric P. Xing 3,378 34
26 Ronan Collobert 3,366 n
27 Inderjit S. Dhillon 3,346 35
28 Shai Shalev-Shwartz 3,343 25
29 John Langford 3,299 26
30 Rob Fergus 3,272 14
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[icML] ICML2FNIPS & 8t3[0f| 1237 &5 u|Q18 S==7} 71 =2 MAL
=2 MRt o188l =25 - _
9ol 1217} 0|2 LIEMALCE 158 MA5H0|2= H|0|E
e TR — = 1539| 1247+ %0 S LIERAC 1582 M85+ 0|9 Hlo|Ef
2 Yoshua Bengio 5324 2 AlZtsh(data visualization)E Safl 71 EUHCZ HO{E = Q=
3 Geoffrey E. Hinton 3,584 9
o|A [==] [y I SIA = e =
4 Honglak Lee 3,279 10 QI=017| 20|} FHI|QIES| MA 2|AEE GitHubE
5 Ronan Collobert 3,223 9 =l =| =L A
! S 2oI3t 4 9irt
6 Shai Shalev-Shwartz 3184 20
7 Jason Weston 3179 13
8 Ruslan R. Salakhutdinov 2,632 9
9 Hugo Larochelle 2,599 10
=o| 11 S|A =] X=] (==
10 Quocte 2545 4 1521 MAFS2o| m|Ql831p7t 7He B2 =2 E7
n Andriy Mnih 2,460 7
2 Yoram Singer 2406 5 [ ICML & NIPS Cumulutive Citations ]
13 Pascal Vincent 2137 4 S S5 oz meg JISXR
14 Nathan Srebro 2,085 8 llya Sutskever NIPS 2012 11,057 Geoffrey E. Hinton, Alex Krizhevsky
15 Brian Kulis 2,072 6 ImageNet Classification with Deep Convolutional
Neural Networks
16 John Langford 2,020 12
7 Jesse Davis 2004 5 NIPS 2013 3,600 Téma.s Mikolov, Kai Cher.l, Greg S. Corrado, Jeff Dean
- - Distributed Representations of Words and Phrases
18 David M. Blei 1972 6 and their Compositionality
9 Francis Bach 1.929 9 Geoffrey E. Hinton ICML 2010 1484  Vinod Nair
20 Thorsten Joachims 1,831 n Rectified Linear Units Improve Restricted Boltzmann
21 Mark Goadrich 1807 1 Machines
22 Inderjit S. Dhillon 1,713 2 Andrew Y. Ng NIPS 2006 2,030 Honglak Lee, Alexis Battle, Rajat Raina
23 Trevor Darrell 1703 5 Efficient sparse coding algorithms
24 Rich Caruana 1700 5 ICML 2009 1,379  Honglak I._ee, Roger Gro.sse, Rajesh Ranganath
Convolutional Deep Belief Networks for
25 Jean Ponce 1640 2 Scalable Unsupervised Learning of Hierarchical
26 Julien Mairal 1,630 5 Representations
27 Yong Yu 1,610 4 Yoshua Bengio NIPS 2006 2,076  Pascal Lamblin,Dan Popovici,Hugo Larochelle
28 Kai Yu 1596 9 Greedy Layer-Wise Training of Deep Networks
29 Chris Burges 1507 1 ICML 2008 1466  Pierre-Antoine Manzagol, Pascal Vincent, Hugo
- - Larochelle
30 Nicole Hamilton 1507 ! Extracting and Composing Robust Features with
Denoising Autoencoders
[NIPS] David M. Blei NIPS 2007 1,724  Jon D. Mcauliffe
=9 XXt oI35 =24 Supervised Topic Models
1 llya Sutskever 16,768 8 ICML 2006 1440 John D. Lafferty
2 Geoffrey E. Hinton 14,089 8 Dynamic Topic Models
3 Alex Krizhevsky 1,057 8 Honglak Lee NIPS 2006 2,030 Alexis Battle, Rajat Raina, Andrew Y. Ng
4 Andrew Y. Ng 9019 8 Efficient sparse coding algorithms
5 David M. Blei 6,224 8 ICML 2009 1,379  Andrew Y. Ng, Roger Grosse, Rajesh Ranganath
3 Convolutional Deep Belief Networks for
6 Yoshua Bengio 4963 8 Scalable Unsupervised Learning of Hierarchical
7 Jeff Dean 4,826 8 Representations
8 Kai Chen 4445 8 Ruslan R. NIPS 2007 1,573 Andriy Mnih
9 Tomas Mikolov 4,064 8 Salakhutdinov Probabilistic Matrix Factorization
10 Greg S. Corrado 3981 8 ICML 2008 836  Andriy Mnih
1 Ruslan R. Salakhutdinov 3,977 8 Bayesian Probabilistic Matrix Factorization using
2 Honglak Lee 3969 s Markov Chain Monte Carlo
13 QuocV. Le 3884 8 Hugo Larochelle  NIPS 2006 2,076 Yoshua Bengio, Pascal Lamblin, Dan Popovici
Greedy Layer-Wise Training of Deep Networks
14 Prof. Bernhard Schalkopf 3,531 8
5 Francis R. Bach 3479 8 ICML 2008 1,466 gleerrlgi!(—)Antome Manzagol, Pascal Vincent, Yoshua
16 Rob Fergus 3210 8 Extracting and Composing Robust Features with
7 Antonio Torralba 3188 8 Denoising Autoencoders
18 Hugo Larochelle 3169 8 Kai Chen ICML 2012 1147  Andrew Y. Ng, Quoc Le, Marc'Aurelio Ranzato, Rajat
N Monga?| 29!
19 Pietro Perona 2,908 8 o X .
Building high-level features using large scale
20 Alex J. Smola 2,882 8 unsupervised learning
2 Eric P. Xing 2844 8 Tomas Mikolov ~ ICML 2014 1,005 Quoc Le
22 Marc'Aurelio Ranzato 2,770 8 Distributed Representations of Sentences and
23 Andrew Zisserman 2,741 8 Documents
24 Tong Zhang 2,720 8 Jeff Dean NIPS 2012 845 Greg Corrado, Rajat Monga, Kai Chen, Matthieu Devin,
2| 691
25 Christof Koch 2626 8 Mark Mao 2| 651
Large Scale Distributed Deep Networks
26 Jonathan Harel 2,620 8
- Francis R. Bach NIPS 2008 827 Julien Mairal, Jean Ponce, Guillermo Sapiro, Andrew
27 Zoubin Ghahramani 2,550 8 Zisserman
28 Michael I. Jordan 2,533 8 Supervised Dictionary Learning
29 Pradeep K. Ravikumar 2469 8 NIPS 2010 773 David M. Blei, Matthew Hoffman
30 Yann LeCun 2,344 8 Online Learning for Latent Dirichlet Allocation
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= Skl o [= P [=] 1=} o 1 o S|A (=] X=] o
ICML 2} NIPS 5 85| T|QIg =2 3147} B2 49 153 Kixt] I =2 3147} B2 49| 153 Kixtel
Hi |7 S|A = H: 0O Hiix &S
AUEH m|QlE 2l 0] U =F UE g
[ ICML & NIPS Cumulutive Citations ] [ ICML & NIPS Cumulutive Accepted Papers ]
20,000 50
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[FEENEIEUES Geoffrey E. Hinton
" Andrew Y. Ng |
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14,000 35
12,000 30
Alex Krizhevsky
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David M. Blei
8,000 David M. Blei 20
Honglak Lee
Ruslan R. Salakhutdinov.
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Kai Chen
|
Jeff Dean
4,000 Marc'Aurelio Ranzato [ovrers-a-pen 10 Marc'Aurelio Ranzato
o o\oY
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NIPS

[ 20 Most appeared Title Keywords ]

learning 42 2006 PN 126
networks 3 [N -/
neural 2 [N /7
deep 1 NG /3
models 15 I /2
optimizaion 4 (NG 3°
stochastic 4 |G 33
inference 6 [N 25
bayesian 18 I 2
data 12 I 22
optimal 2 [N 2
fast 3 N 20
gradient 2 [N 19
model 5 [N 19
online 5 [N 19
variational 4 [ 18
estimation O [N 13
sparse 7 [N 17
adaptive 2 [ 17
structured 2 [HIEEE 16

ICML

[ 20 Most appeared Title Keywords ]

learning 40 2006 62
MU 00 kS
optimizaion 1 [NNNGEGE 25

models 10 I
deep O NG 22
neural 1 [N 20
stochastic 3 | 20
data 8 I 8
efficient 7 | Ry
algorithms 4 | 17
matrix 2 [N 15
analysis 7 I
sparse 3 [N 13
sampling 1 [N 12
approach 2 [ 12
regression 5 I
inference 6 I
estimation 1 [ 1
fast 7 I
gaussian 4 NI 10
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Convolutional Neural Networks Models

H2{dS 0|1n= T L2[F0|2t1 SHEHH 0[] K| 214 0|
F2 AMEE|= CNN(convolutional neural networks)zt Xte104
x|, S4elA S ALE

networks)& & 4= AU Z10|CE 2F CNN2 H[O[EH 22 H
A= O 2 I|X(feature)E sH&5t

2ICt. 012122 S8 CloJES

olAl £0j| =2 ARE[= RNN(recurrent neural
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ChEX meiZolatn & 4
3125517 913 91X & 2ol
0|l (e.g. T Ei9l0] HOIE)E X3 Of F4 20| 52

| Al
Oi{eg M ™ 2

M)z 7t8sts ahgo| 2o, Eaid, 53
CNN2 0|28t I E 0| ZRE U1 X = St&5irt's

BIxH AFRE|T Ql= CNNE 7|2& o2 220] 19890

JHets Lx92 ECHE 6110 QU=0, 20121 ILSVRCO|O|X|QIA]
3| o0l M 51 w4 Elo] AlexNet[1-1]0] =2t Ms 72
HAO 24 ST|TEX| CNNS| ZEXQl o171 HEH0] 0|01X RiCL
212 5t& A Z(deep learning)7t SRS 2X|E CHRE = silZ2
L|2h= HO| XA 0|F CHFsh HEfo] 212 sHE 0
CHal 1717} 0|01 2H=C|, VGGNet[1-2], GoogleNet[1-3],
ResNet[1-4] S0| 20114 26% £Z2| Q1A QXI22 3.6%7/IX|
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Image:

Segmentation / Object Detection
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Image / Video / Etc.
0| 2l0fl &= CNN2| S8&0k= L{FLt BTt XMafiat 2| O|0|X|E
TsflAlE Q| 0|0|X| 2 22I6t= super resolution 2X|0|A =

7P )57 22 TME Atsez

X

TH5448 H0I21o0, O[F| CNNS FXQI 0[0[X|S

£0IM LIS 2RE 311(3-3], AlZr| 252 245t H3-
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[ 32 4] Tacotron2 AIIME E&E 038t £ 2= T3t 252 HO{ZCL™

Tacotron works well on out-of-domain and complex words.
d\ / k or | auto:

“Basilar membrane and otolaryngology are not auto-correlations.”

Tacotron learns pronunciations based on phrase semantics.
(Note how Tacotron pronounces "read" in the two phrases.)
“He has read the whole thing.”

“He reads books.”

Tacotron is somewhat robust to spelling errors.
“Thisss isrealy awhsome.”

Tacotron is sensitive to punctuation.
(Note how the comma in the first phrase changes prosody.)
“This is your personal assistant, Google Home.”

“This is your personal assistant Google Home.”

Other Domains
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Henderson, D., Howard, R. E., Hubbard, W., & Jackel, L. D. (1989). Backpropagation applied to handwritten
zip code recognition. Neural computation, 1(4), 541-551. *10 Z 1 | Deng, J. et al,, ILSVRC-2012, 2012,
http://www.image-net.org/challenges/LSVRC/2012/ *11 =2 | Hochreiter, S., & Schmidhuber, J. (1997).
Long short-term memory. Neural computation, 9(8), 1735-1780. *12 =& | Graves, A, Fernandez, S.,
Gomez, F., & Schmidhuber, J. (2006, June). Connectionist temporal classification: labelling unsegmented
sequence data with recurrent neural networks. In Proceedings of the 23rd international conference on
Machine learning (pp. 369-376). ACM. *13 11 | https://google.github.io/tacotron/
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Intermediate

How we teach computers to
understand pictures

A Path to Al

Foundations and Challenges of Deep
Learning

AI7} O|O|X| & F=25HA| El=X|of| CHal 2 MY
2 E5f olaH& 4 QUCE Caltech ATRXIZAM HE
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Zixt | Fei Fei Li (Professor at Stanford
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FEA | https://www.youtube.com/
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Zixt | Yann LeCun (Professor at New York
University)
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Lo} | Yoshua Bengio ( Head of the Montreal
Institute for Learning Algorithms )
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Deep Reinforcement Learning

Introduction to Generative Adversarial
Networks

Feedforward neural network

fn}

=
reinforcement learning)2 &£t
EHE S ofsigt -~ UCH

Z9ix} | John Schulman ( Research Scientist
at OpenAl )

22| 872

£ | Advanced

ZF24 | https://www.youtube.com/
watch?v=PtAIh9KSnjo

Advanced

2016\ A2 7HZ|El NIPS &t3]2| tutorial 2
FIYE Yol LYSO|ck 22 Bo| H7E D Ut
GANSs(generative adversarial networks)o{| CHst
AL JHES ol3li5ha, ZHEtSt AFES TR0
AL GANsE Salf ofH 22X SS o2 &
A=X|0f| ClishA Lotz 4= UL

2%} | lan Goodfellow ( Research Scientist at
Google Brain)
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FE2A | https://www.youtube.com/
watch?v=RvgYvHyT15E
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94Xt | Hugo Larochelle ( Research Scientist
at Google Brain )
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£ | Advanced

FEA | https://www.youtube.com/
watch?v=SGZ6BttHMPw

Neural Networks for Machine Learning

Deep Learning and Neural Net short
course

Deep Learning for Self-Driving Cars
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LARL | Geoffrey Hinton ( Professor at
Toronto University )
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£Z | Advanced

FA | https://www.youtube.com/
watch?v=_Cl60_06_0Y
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M EAZTIACNE AFXLE U= Kevin
Duh =901 stX}7F NAIST(Nara Institute of
Science and Technology) 42 %! S
i Zelst LIZOo|C & 4712 S¥4e=
THE|0{RU 1, RESH HOE HaEdo| &St
DBN(deep belief networks)0f| CHa{A] A5t
UCE Al A0l EL25HA (045t =2 =2

&S 475t OfshE &1 Ch

24X} | Kevin Duh ( Research Scientist at
Johns Hopkins University )

=22 3608

& | Advanced

FEA | https://www.youtube.com/
watch?v=DLItuVVKJOw

Held S &8st XtgF SRk (self-driving
canE e WS o 5 Ql= Zo|S0|Ch
6702 TME0] QL1 MITOAM ZIEl fH02
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i S0f| CioiAl 210 | 8HEE -+ QACH

ZHoiX} | Lex Fridman ( Postdoctoral Associate
at the MIT Agelab. )
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& | Advanced

FEA | https://www.youtube.com/
watch?v=1LOTKZQcUtA&t=5s
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