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DEEP LEARNING

1980S-ERA NEURAL NETWORK

Hidden
layer

Links carry signals
from one node
to another, boosting
or damping them
according to each
link's 'weight'.

DEEP LEARNING NEURAL NETWORK

Multiple hidden layers
process hierarchical features
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Waldrop, M. Mitchell. "News Feature: What are the limits of deep learning?." Proceedings of the National Academy of Sciences 116.4 (2019): 1074-1077




DEEP LEARNING (IMPACT)

The Deep Learning Revolution (by NVIDIA)

| Video
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https://www.youtube.com/watch?v=Dy0hJWltsyE
https://www.youtube.com/watch?v=Dy0hJWltsyE

ARTIFICIAL VS CONVOLUTIONA NEURAL NETWORKS

Question : what is the difference between Convolutional Neural Networks
(CNNs) and Artificial Neural Networks (NNs)?
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ARTIFICIAL VS CONVOLUTIONA NEURAL NETWORKS

Question : what is the difference between Convolutional Neural Networks
(CNNs) and Artificial Neural Networks (NNs)?

PROC. OF THE IEEE, NOVEMBER 1998

Gradient-Based Learning Applied to Document
Recognition

Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner

all trained (‘end-to-end’).  representation on different levels
of detail/abstraction
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C1: feature maps
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ARTIFICIAL VS CONVOLUTIONA NEURAL NETWORKS

Question : what is the difference between Convolutional Neural Networks
(CNNs) and Artificial Neural Networks (NNs)?
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ARTIFICIAL VS CONVOLUTIONA NEURAL NETWORKS

Convolutional Neural Networks’ Evolution
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DEEP LEARNING IMPACT

Number of objects/Dataset

Number of images/Dataset
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APPLICATIONS OF DEEP LEARNING

Input: x
Is this an urban or rural area? Which city is this?
Output:y={-1, +1} Output:y={0,1,2,..,C}

L Binary CIaM/\J L Multi-class Classification

M. Pawan Kumar AMiTANS’16, Albena, 26 of June, 2016



APPLICATIONS OF DEEP LEARNING

Input: x

Where is the object in the image? What is the semantic class of each pixel?

Output: y={x, y, w, h } coordinates Output:y={0, 1, 2, ..., C } per pixel

Object Detection Semantic Segmentation
M. Pawan Kumar AMiTANS’16, Albena, 26 of June, 2016




APPLICATIONS OF DEEP LEARNING

Retrieval

[Faster R-CNN. Ren, Me, Girshick, Sun 2015 [Farabet o! al., 2012

Fei-Fei Li & Andrej Karpathy & Justin Johnson AMITANS’16, Albena, 26 of June, 2016 @



APPLICATIONS OF DEEP LEARNING

[Taigman et al. 2014]
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[Simonyan et al. 2014]

Fei-Fei Li & Andrej Karpathy & Justin Johnson AMITANS’16, Albena, 26 of June, 2016 @



APPLICATIONS OF DEEP LEARNING

[Toshev, Szegedy 2014]

Xkt ¥R

[Ciresan et al, 2013]

Fei-Fei Li & Andrej Karpathy & Justin Johnson AMITANS’16, Albena, 26 of June, 2016

[Sermanet et al. 2011]
[Ciresan et al ]



APPLICATIONS OF DEEP LEARNING

[Turaga et al., 2010]

Whale recognition, Kaggle Challenge

Fei-Fei Li & Andrej Karpathy & Justin Johnson AMITANS’16, Albena, 26 of June, 2016

Mnih and Hinton, 2010




APPLICATIONS OF DEEP LEARNING

A group of young people Two hockey players are fighting Allttie girt In & pink hat is

playing a game of frisbee. over the puck. blowing bubbles. A refrigerator filled with lots of

food and drinks.

A herd of elephants walking A close up of a cat laying Ared motorcycle parkedonthe A yellow school bus parked in [Vinyals et al., 2015]
across a dry grass feld. on a couch, side of the road. a parking lot.

Fei-Fei Li & Andrej Karpathy & Justin Johnson AMITANS’16, Albena, 26 of June, 2016 @



COMPUTER VISION & DEEP LEARNING

‘How we're teaching computers to understand pictures’

Video
[Click here]

Fei-Fei Li - Computer scientist
As Director of Stanford’s Artificial Intelligence Lab and Vision Lab


https://www.ted.com/talks/fei_fei_li_how_we_re_teaching_computers_to_understand_pictures
https://www.ted.com/talks/fei_fei_li_how_we_re_teaching_computers_to_understand_pictures

