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CONTEXT

Goal: image classification or ranking
> Learning of deep CNN on small datasets

h X w x 64 W=Dl _6 ' =2x2_g > Stochastic gradient descent training
> Back-propagation of the selected windows
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> How to transfer on datasets with complex scenes? a8 2 X3 s ~ ificFease s 9 o 3 |
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Class car is present Class boat is absent
> Optimized ranking metrics (Average Precision)

> Surrogate upper-bound loss definition
> Generalized MANTRA ranking instantiation
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OK for centered object KO for “natural” image

> Efficient transfer: needs bounding boxes
> Full annotations expensive = weak supervision

> Select relevant regions — better prediction
> Baseline model: Latent SVM (LSVM)
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Contributions > Fully connected layer — convolution layer > Spatial aggregation Correct predictions

> New region aggregation strategy > Sliding window approach / shared features > Object localization prediction Ql;l_f_?ct model
> Structured ranking AP loss for WSL b

> Fully convolutional architecture
> Experimental validation on 6 datasets

EXPERIMENTS

> VGG16 pre-trained on ImageNet

RECGION AGGRECGATION > Multl—sca scales (Object Bank fusion) -l g 3 ,.-' f < H |

Aeroplane model (1.8)

Baseline: max aggregation [1] (MIL, LSVM)
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> max + min pooling (negative evidence) VOC. 07/ 1.2 COCO MIT67
> max: indicator of the presence of the class > Analysis of 1mproYements (mono-scale)
> min: indicator of the absence of the class WS-CNN [ H max +k=3 +4min +AP | VOCO7 VOCAct
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