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Slide credits & pointers 

Iasonas Kokkinos  

http://cvn.ecp.fr/personnel/iasonas/deeplearning.html 

R. Fergus/K. Yu/M. A. Ranzatto (CVPR 12 Tutorial): 

http://cs.nyu.edu/~fergus/tutorials/deep_learning_cvpr12/ 

S. Liu/S. Roth (ICCV 09 Tutorial): http://www.gris.informatik.tu-

darmstadt.de/teaching/iccv2009/ 

E. Simoncelli (Class notes):  

http://www.cns.nyu.edu/~eero/imrep-course/ 

A. Vedadi (BMVC14 Tutorial) 

http://www.robots.ox.ac.uk/~vedaldi/assets/teach/vedaldi14bmvc-tutorial.pdf 

Y. Bengio (Tutorial):  

http://www.iro.umontreal.ca/~bengioy/talks/mlss-beijing.pdf 

G. Papandreou, BASIS Tutorial 

http://cvn.ecp.fr/personnel/iasonas/basis14/ 

Fei-Fei Li, Olga Russakovsky 

http://ai.stanford.edu/~olga/slides/ImageNetAnalysis_bavm_10_5_13.pptx 

R. Salakhudinov 

http://www.cs.toronto.edu/~rsalakhu/kdd.html 

IPAM summer school on deep learning: 

http://www.ipam.ucla.edu/programs/summer-schools/graduate-summer-school-deep-

learning-feature-learning/ 
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Lecture outline 

Introduction to the class 

Flat models 

Natural image statistics & probabilistic modelling 

Sparse coding 



4 

Data: Big and Complicated  
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The data science quest 
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The computer vision quest 

Backpack 
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Backpack 

Flute Strawberry Traffic 

light 

Bathing cap Matchstick 

Racket 

Sea lion 
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Computer Vision Data: Big and Complicated  

http://www.image-net.org/ 

Deng et. al, ImageNet: A Large-Scale Hierarchical Image Database, CVPR’09 
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Computer Vision Data: Big and Complicated  

http://www.image-net.org/ 

Deng et. al, ImageNet: A Large-Scale Hierarchical Image Database, CVPR’09 



11 Computer Vision Data: Big and Complicated  
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How do we do it? 

Felleman and Van Essen, 1991  
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Hierarchies in high-level vision 

1980’s 

D. Marr and H. Nishihara, Representation and Recognition of the Spatial Organization of 3D Shapes, 1978 

I. Biederman, Recognition-by-components: a theory of human image understanding,1987  

S. Dickinson et. al., 3-D Shape Recovery Using Distributed Aspect Matching, 1992  

S.C. Zhu and A. Yuille, FORMS: A Flexible Object Recognition and Modeling System, 1996.  
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2000-2010: probabilistic grammar models 

S.C. Zhu and D. Mumford, `Quest for a Generic Grammar of Images’, 2007  

S. Filder and A. Leonardis, Towards Scalable Representations of Object Categories, CVPR 2007 

L. Zhu and A. Yuille, Compositional Models, CVPR 2008-2010 

I.Kokkinos and A. Yuille, Inference and Learning with Hierarchical Shape Models,CVPR 2009/IJCV 2011 

Hierarchies in high-level vision 
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The real challenge: image features 
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Desirable feature properties 
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Image classification in a nutshell 
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SIFT Descriptor 
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Spatial Pyramid Matching 
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Single Layer Architecture  
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Single Layer Architecture  
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Deep Learning and Computer Vision 

2000-2010 

1980’s 

2010+ 

Breakthrough: Imagenet 2012 

A. Krizhevsky, I. Sutskever, and G. Hinton. ImageNet classification with 

deep convolutional neural networks. NIPS13  
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A taxonomy of methods 

• We ill see some of them in detail in this class 
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Convolutional Networks 

Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard, W. Hubbard, and L. D. Jackel. Backpropagation applied 

to handwritten zip code recognition. Neural Computation, 1(4):541-551, Winter 1989 

Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. Gradient-based learning applied to document recognition. Proceedings 

of the IEEE, 1998. 

Convolutional Deep Belief Networks for Scalable Unsupervised 

Learning of Hierarchical Representations, H. Lee, R. Grosse, R. 

Ranganath, A. Y. Ng, ICML 2010 

Discriminative (supervised) 

Generative (unsupervised) 
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Imagenet top-5 error rate: 36%-> 18% (‘12) -> 6% (‘14) 

A. Krizhevsky, I. Sutskever, and G. Hinton. ImageNet classification with 

deep convolutional neural networks. NIPS13  
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Demo from http://www.clarifai.com/ 

 

M. Zeiler 
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Demo from http://www.clarifai.com/ 

 

http://en.wikipedia.org/wiki/The_Elephant_Celebes 

The black shape to the right of the fish looks like an oncoming airplane, and there is a trail of smoke 

in the right part of the sky. These may be allusions to the "mechanical terror of the war experience" 

which led to Ernst writing, "On the 1st of August 1914 Max Ernst died. He was resurrected on the 11 

November 1918 as a young man who aspired to find the myths of his time.” Celebes, then, seems to 

represent the myth of destruction 
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Demo from http://www.clarifai.com/ 
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Object recognition 2010-2012: saturation 
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A. Krizhevsky, I. Sutskever, and G. Hinton. ImageNet classification with deep convolutional neural networks. NIPS13  

P. Sermanet, D. Eigen, X. Zhang, M. Mathieu, R. Fergus, and Y. LeCun. Overfeat: Integrated recognition, localization and 

detection using convolutional networks. ICLR 14.  

R. Girshick, J. Donahue, T. Darrell, and J. Malik. Rich feature hierarchies for accurate object detection and 

semantic segmentation. CVPR 14 

Object recognition, 2013 
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A. Krizhevsky, I. Sutskever, and G. Hinton. ImageNet classification with deep convolutional neural networks. NIPS13  

P. Sermanet, D. Eigen, X. Zhang, M. Mathieu, R. Fergus, and Y. LeCun. Overfeat: Integrated recognition, localization and 

detection using convolutional networks. ICLR 14.  

R. Girshick, J. Donahue, T. Darrell, and J. Malik. Rich feature hierarchies for accurate object detection and 

semantic segmentation. CVPR 14 

Object recognition, 2014 
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Deep Learning and AI 
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Deep Learning and AI 
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Deep Learning and AI 

‘Deep Learning reads Wikipedia and discovers the meaning of life’  

Geoff Hinton 
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Deep Learning in the media 
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3 Lectures: 

• < Deep Learning> : Origins 

– Initial ideas: What worked and what didnt 

• < Deep Learning> : Modern Deep Architectures 

– What are the factors that led to current success 

• < Deep Learning> : Computer Vision Applications 

– CNN’s  

– RCNN’s 

– Object Classification,  

– Action recognition 

– Medical Image Analysis  
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Projects 

• MatConvNet: http://www.vlfeat.org/matconvnet/ 

• MATLAB toolbox implementing Convolutional Neural Networks 

(CNNs) for computer vision applications. It is simple, efficient, and 

can run and learn state-of-the-art CNNs. Several example CNNs are 

included to classify and encode images. 

• Other popular packages? 

– CAFFE 

– VGG 

– Theano 

– Overfeat 

– Torch 

 

 

 

 

http://www.vlfeat.org/matconvnet/
http://www.vlfeat.org/matconvnet/
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Project Ideas 
With MatConv Net: 

1. Hu, Guosheng, et al. "When Face Recognition Meets with Deep Learning: an Evaluation of 

Convolutional Neural Networks for Face Recognition." arXiv preprint 

arXiv:1504.02351 (2015).http://arxiv.org/abs/1504.02351 

Face recognition with MatConvNet. The network is really small. You can train the small version 

of CNN in the paper in a day, with CPU 

 

2. Srivastava, Nitish, et al. "Dropout: A simple way to prevent neural networks from 

overfitting." The Journal of Machine Learning Research 15.1 (2014): 1929-1958. 

http://www.cs.toronto.edu/~rsalakhu/papers/srivastava14a.pdf 

Evaluating the dropout method on MNIST dataset. Since the dataset is small, they can train the 

CNN in a day, with CPU. 

 

3. Oquab, Maxime, et al. "Learning and transferring mid-level image representations using 

convolutional neural networks." Computer Vision and Pattern Recognition (CVPR), 2014. 

http://www.cv-

foundation.org/openaccess/content_cvpr_2014/papers/Oquab_Learning_and_Transferring_201

4_CVPR_paper.pdf 

Image classification on the Pascal VOC dataset. Use the CNN learnt on ImageNet to extract 

features. On top of the features, train a 2 layer neural network to classify the images. 

The pretrained model is available in MatConvNet, so no need to train a CNN. If Pascal VOC is 

too large try Caltech 101. 
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More Project Ideas 

1. Test out the fast RCNN paper: http://arxiv.org/pdf/1504.08083v1.pdf 

caffe with python/matlab interfaces: https://github.com/rbgirshick/fast-

rcnn 

What should you do: 

find a new dataset, for example, SUN dataset, fine tune the parameters 

using the framework the author provided, then run on the test set to see 

the results. 

 

2. Go to Kaggle.com and picj a challenge! That way you can compare 

your performance 
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