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http://viewpure.com/AgkfIQ4IGaM?start=0&end=0
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http://cs231n.github.io/convolutional-networks/
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Activation map = B2=F2F 4 1

...where:

e D is the size of the image (either width or height,
depending on whether you're calculating the width or
height of the activation map)

e F is the size of the filter
e Pis the amount of padding, and
e and S is the stride length.
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/deep_net_in_keras.ipynb
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/alexnet_in_keras.ipynb
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e build VGGNet from AlexNet notebook
e be able to verbalize all Arsenal (Theory I-1V) items
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[ transfer learning Jupyter notebook ]

Other examples:
e [toy-sized]
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/transfer_learning_in_keras.ipynb
https://github.com/fchollet/keras/blob/master/examples/mnist_transfer_cnn.py
https://keras.io/applications/
https://blog.keras.io/building-powerful-image-classification-models-using-very-little-data.html
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e [toy-sized]
e [pre-trained model weights in Keras]
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/transfer_learning_in_keras.ipynb
https://github.com/fchollet/keras/blob/master/examples/mnist_transfer_cnn.py
https://keras.io/applications/
https://blog.keras.io/building-powerful-image-classification-models-using-very-little-data.html
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[ transfer learning Jupyter notebook ]

Transfer
Learning

Other examples:
e [toy-sized]
e [pre-trained model weights in Keras]
o [beefy bottleneck features example]
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/transfer_learning_in_keras.ipynb
https://github.com/fchollet/keras/blob/master/examples/mnist_transfer_cnn.py
https://keras.io/applications/
https://blog.keras.io/building-powerful-image-classification-models-using-very-little-data.html
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Artificial intelligence is changing every
aspect of war

A new type of arms race could be on the cards

IO Print edition | Science and technology
Sep 7th 2019
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Source: Stanford University Artificial Intelligence Index 2018 annual report

The Economist

*BLEU score (% similar to a human-made translation)
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Seminal Architectures

R-CNN (Girshick et al., 2013)

Fast R-CNN (Girshick et al., 2015)

Faster R-CNN (Ren et al., 2015)

YOLO, YOLO9000 & YOLOv3 (Redmon et al., 2015-8)
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[ YOLOv3 Jupyter notebook ]

GitHub repositories:
e [ Mask R-CNN ]
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/object-detection.ipynb
https://github.com/matterport/Mask_RCNN
https://github.com/fizyr/keras-retinanet
https://github.com/qqwweee/keras-yolo3
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/object-detection.ipynb
https://github.com/matterport/Mask_RCNN
https://github.com/fizyr/keras-retinanet
https://github.com/qqwweee/keras-yolo3
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GitHub repositories:
e [ Mask R-CNN ]
e [ RetinaNet | Jon Krohn
e [ YOLOV3]



https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/object-detection.ipynb
https://github.com/matterport/Mask_RCNN
https://github.com/fizyr/keras-retinanet
https://github.com/qqwweee/keras-yolo3
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© Faster R-CNN model proposes ROls
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Mask R-CNN

(He et FAIR, 2017)

© Faster R-CNN model proposes ROls

® ROl classifier predicts class of object in ROI and refines
bounding box

@ extract CNN'’s feature maps from within bounding box
@ fully CNN model outputs object-specific mask
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U-Net

Ronneburger et al., 2015

Encoder Decoder

I conv + Batch Normalisation + ReLU _
I Pooling [ Upsampling Softmax |

Contracting Path + Expanding Path Jon Krohn



U-Net Transfer Learning
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VGGNet U-Net

Validation output after 1 & 9 epochs

[ Jupyter notebook ]
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/image-segmentation.ipynb
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ResNet U-Net

VGG after 9 epochs & ResNet after 4

[ Jupyter notebook ]
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https://github.com/the-deep-learners/TensorFlow-LiveLessons/blob/master/notebooks/image-segmentation-with-ResNet-UNet.ipynb
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