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Figure 2. Residual learning: a building block.
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Figure 2: Faster R-CNM is a single, unified network
for object detection. The RPN module serves as the
‘attention” of this unified network.
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gooog

Figure 2. The ReSeg network. For space reasons we do not represent the pretrained VGG-16 convolutional layers that we use to preprocess
the input to ReSeg. The first 2 RNNs (blue and green) are applied on 2x2x3 patches of the image, their 16x16x256 feature maps are
concatenated and fed as input to the next two RNNs (red and yellow) which read 1x1x512 patches and emit the output of the first ReNet
layer. Two similar ReNet layers are stacked, followed by an upsampling layer and a softmax nonlinearity.
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Algorithm 1: MDENN Forward Pass

Defining &% and ‘f’f respectively as the derivatives of the objective function with respect to the activa-

tions of the j*" output unit and the &*" hidden unit at point x. the backward pass is:
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f.lr — tanh'(e)

Algorithm 2: MDRNN Backward Pass
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Figure 1. Fully convolutional networks can efficiently learn to
make dense predictions for per-pixel tasks like semantic segmen-
tation.
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(a) Input Image {b) Feature Map (c) Pyramid Pooling Module {d} Final Prediction

Figure 3. Overview of our proposed PSPNet. Given an input image (a), we first use CNN to get the feature map of the last convolutional
layer (b}, then a pyramid parsing module is applied to harvest different sub-region representations, followed by upsampling and concatena-
tion layers to form the final feature representation, which carries both local and global context information in (c). Finally, the representation
is fed into a convolution layer to get the final per-pixel prediction (d).
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{a) Image (b} Unary classifiers (¢) Robust P™ CRF  (d) Fully connected CRF, (e} Fully connected CRF,
MCMC inference, 36 hrs our approach, 0.2 secomds

Figure 1: Pixel-level classification with a fully connected CRF. (a) Input image from the MSRC-21 dataset. (b)
The response of unary classifiers used by our models. (c) Classification produced by the Robust P CRF [9].
(d) Classification produced by MCMC inference [17] in a fully connected pixel-level CRF model; the algorithm
was run for 36 hours and only partially converged for the bottom image. (e} Classification produced by our
inference algorithm in the fully connected model in 0.2 seconds.
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