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Network Architecture

This section describes the network architectures used in this paper. We adopted VGG [7],
WResNet [8], ResNet [3], and MobileNet [4] as shown in Fig. 1. We sensed feature maps at
the front and back of the dotted box, and used the sensed results as input to the multi-head
graph distillation (MHGD) module.
When the experimental result for TinyImageNet [2] is obtained (Table 2 in the main
paper), max pooling was added after the fourth convolutional layer block in the VGG architecture. In the WResNet architecture, the stride of the first convolutional layer was set to
2.
In addition, we use modified VGG network which have the feature map of the same size
as WResNet-Teacher for obtaining Table 3.
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Training Setting

All algorithms were implemented using Tensorflow [1]. Also, weights of all networks were
initialized with He’s initialization [3] and L2 regularization was applied. A stochastic gradient descent (SGD) [5] was used as the optimizer and a Nesterov accelerated gradient [6] was
applied. All numerical values in the tables and figures are the averages of the total five trials.
Next, we explain the augmentation of the dataset. All datasets are normalized to have a
range of [-0.5, 0.5], and horizontal random flip is used for augmentation. Also, the images of
CIFAR100 are zero-padded by 4 pixels, and the images of Tiny-ImageNet are zero-padded
by 8 pixels. Then the zero-padded images are randomly cropped to the original size.
Next, we describe the hyper-parameters we used for network learning. First, the hyperparameters used in the learning of CIFAR100 and TinyImageNet to obtain the experimental
results of Table 1 and 2 of this paper are as follows. In case of VGG, learning was proceeded
for 200 epochs and an initial learning rate was set to 0.01, which is reduced by 0.1 times
at 100 and 150 epochs. In WResNet, learning was proceeded for 200 epochs and an initial
learning rate was set to 0.1, which is reduced by 0.2 times at 60, 120 and 160 epochs, respectively. Because WResNet converges relatively quickly, we halved the training epoch of
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Figure 1: The block diagram for network architectures used in the proposed scheme.
the student network. The batch size of all networks was set to 128, and the weight decay of
L2 regularization was fixed to 5 × 10−4 .
In Table 3, the hyper-parameters of MobileNet and ResNet were the same as those of
WResNet. In Table 4, we used the same VGG network and hyper-parameters as those used in
Table 1, and only changed the number of attention heads A for the ablation study. The following describes hyper-parameters for learning of the multi-head attention network (MHAN).
Basically, we use the same hyper-parameters as when learning CNN. However, the learning
rate was fixed at 0.1, and only 20 epochs were learned. In all cases except for the ablation
study, the number of attention heads of the networks was 8.
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