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Deep Features: Domain Adaptation for Localized Tasks

From [Noh et al., 2017] From [Cao et al., 2017]

» Local information needed: various applications,
e.g. localization, segmentation, retrieval, pose
estimation, etc
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Deep Features for Localized Tasks

» Core (simple) idea: deep features for local
information in image regions
» Crop given image sub-area
» Rescale — ImageNet input size, e.g. 224 x 224
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Deep Features for Localized Tasks

» Core idea: deep features for local information in image regions
» Extract Deep Features with ConvNet pre-trained on ImageNet
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Example: Object Localization

» Object Localization: rectangular Bounding Box
(BB) aroud each object in the image

» Localization as classification: classify each region
into K+1 (background) classes
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Localization with Region-CNN (R-CNN) [Girshick et al., 2014]

1. R-CNN, 15t step: extract a set of region proposal candidates
» Goal: pre-select candidates based on their "objectness"
» Low-level, unsupervised
» Many approaches,e.g. selective search [Uijlings et al., 2013]
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Localization with Region-CNN (R-CNN) [Girshick et al., 2014]

2. R-CNN, 29 step: classifiy each regions proposal
» Rescale proposal & extract deep feature
» Add transfer layer with K + 1 classes
» +BB regression, i.e. remap proposal (red) - GT BB (green)
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Semantic Image Segmentation

» Label each image pixel into K +1 (background) classes
» Extract deep features on regions centered at each pixel (cf localization)?

» Naive solution very inefficient , does not scale!
» Ex: 500 x 500 image = 25000 regions with a single scale!
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Semantic Segmentation with Fully Convolutionnal Networks

» 224 x 224 input image: apply [Conv-FC], e.g. VGG
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Semantic Segmentation with Fully Convolutionnal Networks

» Conv layer directly applicable to bigger image, size w x h
» How to transfer FC layers? (direct with base FCN, e.g. ResNet)
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Semantic Segmentation with Fully Convolutionnal Networks

» FC < conv with 7 x 7 x 512 filters
» Ex: input image = 5122, w’' =10,h" =10
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Semantic Segmentation with Fully Convolutionnal Networks

» Ex: input image = 512 x512, w’ =10, A" =10
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Semantic Segmentation with Fully Convolutionnal Networks

» Ex: input image = 512 x 512, w’ =10, h" =10
» Receptive field, features extracted ~ rescaled region and apply ConvNet
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Semantic Segmentation with Fully Convolutionnal Networks

» Add transfer layer (C = K + 1 classes) to classify each of the w’ x h’ regions
» Fully connected layer on each region: 1 x 1 convolution + softmax
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Semantic Segmentation: Deeplab [Chen et al., 2015]

» Fully Convolutional Network outputs w’ x h' x C tensor

» How to train it from w x h x C annotations?
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Semantic Segmentation: Deeplab [Chen et al., 2015]

» Deeplab: simply interpolate maps - wx hx C

» Cross-entroy loss for each pixel, CRF as post-processing
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Application of ConvNets for Localized Tasks: Conclusion

Core idea: computing deep features on regions

v

» Adpating architecture depending on the task

v

Fully convolutional architecture key to scalability

» Ongoing work & perspectives on unsupervised
learning? = following!

Generative adversarial networks (conceptual)
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