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Image credit: A. Torralba
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Image credit: COCO dataset
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Image credit: COCO dataset
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Long et al. Fully Convolutional Networks For Semantic Segmentation. CVPR 2014
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1. Pooling = “Unpooling”

2. Convolution — “Transpose
Convolution”
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Transpose Convolution. DeConvolution

3x3 Transpose Convolution, Stride 2, Pad 1
wll _, il.

Example Credit: L. Fei-Fei, J. Johnson, S. Yeung
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Transpose Convolution « DeConvolution

3x3 Transpose Convolution, Stride 2, Pad 1
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Example Credit: L. Fei-Fei, J. Johnson, S. Yeung
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A b5 545 3 “bottleneck”, S8 )5 Ob ective:
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Latent Space* 82 & =5 [H]

Interpolation in Latent Space

*In the interest of honesty in advertising: not an autoencoder, but a similar method with the same goal of
learning a latent space

Result from Wu et al. Learning a Probabilistic Latent Space of Object Shapes via 3D Generative-Adversarial Modeling.
NIPS 2016
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Result from Long et al. Fully Convolutional Networks For Semantic Segmentation. CVPR 2014
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Ronneberger et al. “U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015
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¥~ in Spatial pyramid pooling: e
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input image

Figure 3: A network structure with a spatial pyramid
pooling layer. Here 256 is the filter number of the
conv; layer, and convj is the last convolutional layer.
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Fig. 2. An example of a high-resolution network. Only the main body is illustrated, and the stem (two stride-2 3 x 3 convolutions) is not included.
There are four stages. The 1st stage consists of high-resolution convolutions. The 2nd (3rd, 4th) stage repeats two-resolution (three-resolution,
four-resolution) blocks. The detail is given in Section 3.
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Image credit: N. Snavely

N. Dalal and B. Triggs, Histograms of Oriented Gradients for Human Detection, CVPR
Slide Credit: S. Lazebnik 2005
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N. Dalal and B. Triggs, Histograms of Oriented Gradients for Human Detection, CVPR
Slide Credit: S. Lazebnik 2005
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N. Dalal and B. Triggs, Histograms of Oriented Gradients for Human Detection, CVPR
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Region Proposals: Selective Search

Alexe et al, “Measuring the objectness of image windows”, TPAMI 2012

Uijlings et al, “Selective Search for Object Recognition”, IJCV 2013

Cheng et al, “BING: Binarized normed gradients for objectness estimation at 300fps”, CVPR 2014  Zitnick
and Dollar, “Edge boxes: Locating object proposals from edges”, ECCV 2014



R-CNN: Region proposals + CNN features

Source: R. Girshick
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R. Girshick, J. Donahue, T. Darrell, and J. Malik, Rich Feature Hierarchies for Accurate Object Detection and Semantic
Segmentation, CVPR 2014.
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