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Weight Initialization
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PyTorch: https://github.com/pytorch/vision

TensorFlow: https://github.com/tensorflow/models
Caffe: https://github.com/BVLC/caffe/wiki/Model-Zoo

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

Keras: https://github.com/fchollet/deep-learning-models/releases/

Yy


https://github.com/pytorch/vision
https://github.com/tensorflow/models
https://github.com/BVLC/caffe/wiki/Model-Zoo
http://www.vlfeat.org/matconvnet/pretrained/
https://github.com/fchollet/deep-learning-models/releases/

Yy

- e

290 sbaSw > o

Some Other Networks
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ﬁ ;ﬁ 64 x (3 x3x32+1)=18496

MXx(3x3+1)+64%x(32xXxM+1)=2058M + 64

tion

(b) Depthwise Separable Convolutional Neural Network

Yy Chollet, Francois. "Xception: Deep learning with depthwise separable convolutions.” Proceedings of the IEEE conference on computer vision and pattern recognition. (2017).
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tf.keras.layers.SeparableConv2D(
filters,
kernel_size, filters: Integer, the dimensionality of the output space (i.e.
strides=(1, 1),

padding-"valid", the number of output filters in the convolution).

data_format=None,

dilation rate—(1. 1), kernel_size: An integer or tuple/list of 2 integers, specifying
depth_multiplier-1, the height and width of the 2D convolution window

activation=None,

use_bias=True, depth_multiplier: The number of depthwise convolution
d hwi initiali "gl if ", .

et O L tpuUt channels for each input channel. The total number of
pointwise_initializer="glorot_uniform",

bias_initializer="zeros", depthwise convolution output channels will be equal to
depthwise_regularizer=None, f.l R r\ I . I.

pointwise_regularizer=None, I ters_ln dept _mu tlp IET.

bias_regularizer=None,

activity_regularizer=None,

depthwise_constraint=None,
pointwise_constraint=None,

bias_constraint=None,

kwargs



https://keras.io/api/layers/convolution_layers/separable_convolution2d/
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\i 4 Qiu, Suo. "Global weighted average pooling bridges pixel-level localization and image-level classification." arXiv preprint arXiv:1809.08264 (2018).
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\ A 4 Qiu, Suo. "Global weighted average pooling bridges pixel-level localization and image-level classification." arXiv preprint arXiv:1809.08264 (2018).
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Spatial Transformer
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YA Jaderberg, Max, Karen Simonyan, and Andrew Zisserman. "Spatial transformer networks." Advances in neural information processing systems. (2015).
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Spatial Transformer
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= Spatial Transformer

MNIST Distortion (a) (b) (c)
Model R |[RTS| P | E
FCN 2.11521(3.1|3.2
CNN 1.2/ 08 |[1.5] 14
Aff [|1.2] 0.8 |1.5] 2.7
ST-FCN Proj|[1.3] 0.9 |1.4] 2.6
TPS||1.1{ 0.8 |14|24

Aff [|0.7] 0.5]0.8| 1.2
ST-CNN Proj ([0.8] 0.6 [0.8] 1.3
TPS|(|0.7] 0.5 |0.8] 1.1

R: rotated

RTS: rotated, translated, scaled

P: projective

E: elastic

Aff: affine transformation

Proj: projective transformation —
TPS: 16-point thin plate spline transformation
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Spatial Transformer
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