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The “black box” nature of deep neural networks hinder us from inspecting the logic hidden inside the networks.
To alleviate this difficulty, for image recognition tasks, several visual explanation methods are proposed. The aim
of visual explanation is to highlight a segment of the image as a clue of the network’s recognition. In this paper,
we propose a method for enhancing the highlights of the existing visual explanation methods. In the proposed
method, we freeze the activations of the some of the network nodes in middle layers. With the proposed method,
we can obtain clear highlights with less noises than the existing methods.
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2: 4 : Linear, ReLU/Softmax

Rectified Linear Unit (ReLU)
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