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1. Datasets and Evaluation Setups

The proposed method was evaluated using four different
datasets: the CIFAR-10 [5] dataset, the STL-10 [1] dataset,
the CUB-200 [8] dataset and the SUN Attribute [7] dataset.
For the CIFAR-10, the training split was used for training
and transferring the knowledge to the student models, while
for the retrieval evaluation the training split was also used to
compile the database. Then, the test set was used to query
the database and measure the retrieval performance of var-
ious representations. For the STL-10 dataset we followed
the same setup as for the CIFAR-10, but we also used the
provided unlabeded training split for transferring the knowl-
edge to the student models. For the CUB-200 we also fol-
lowed the same setup, however the experiments were con-
ducted using the first 30 classes of the data, due to the sig-
nificantly restricted learning capacity of the employed stu-
dent models (recall that among the objectives of the pa-
per is to evaluate the performance of KD approaches for
ultra-lightweight network architectures and heterogeneous
KD setups). Finally, images from the eight most common
categories (for which at least 40 images exist) were used
for training and evaluating the methods when the SUN At-
tribute dataset was employed, since a very small number
of images exist for the rest of the categories. The 80% of
the extracted images was used for training the networks and
building the database, while the rest 20% was used to query
the database. The evaluation process was repeated 5 times
and the mean and standard deviation of the evaluated met-
rics are reported. For the SUN attribute dataset, the knowl-
edge was distilled from a 2 x 2 HoG features.

For the CIFAR-10 and STL dataset we used the sup-
plied images without performing any resizing (the original
32 x 32 images were used). However, the training dataset
was augmented by randomly performing horizontal flipping
and randomly cropping the images using padding of 4 pix-
els. A similar augmentation protocol was used for the CUB-
200 dataset. However, the images of the CUB-200 dataset
were first resized into 256 x 256 pixels and then a random
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Figure 1. Network architectures used for the conducted experi-
ments. The green model was used as the student for the conducted
experiments (unless otherwise stated), while the red model was
used as the auxiliary teacher. For experiments involving classifi-
cation, an additional fully connected layer with N¢ (number of
classes) neurons was added.

crop of 224 x 224 pixels was used (a center crop of the same
size was used during the evaluation process). Also, random
rotation up to 20° was used when training the models. Fi-
nally, the images of the SUN attribute dataset were resized
into 128 x 128 pixels, before feeding them into the network,
following the protocol used in [6].



2. Network Architectures

The network architectures used for the conducted experi-
ments are shown in Fig. 1. The CNN-1 family was used for
the experiments conducted using the CIFAR-10 and STL
dataset, the CNN-2 family was used for the experiments
conducted using the CUB-200 dataset, while the CNN-3
family was used for the SUN Attribute dataset. The suffix
“-A” is used to denote the model that was used as the aux-
iliary teacher. The auxiliary teacher was trained using the
PKT method [6], by transferring the knowledge from the
penultimate layer of a ResNet-18 teacher (for the CIFAR-
10, STL and CUB-200 datasets) or from handcrafted fea-
tures (for the SUN Attribute dataset). The ReLLU activation
function was used for all the layers [2], while the batch nor-
malization was used after each convolutional layer [3].

3. Training Hyper-parameters

For all the conducted experiments we used the Adam op-
timizer [4], with the default training hyper-parameters. For
the experiments conducted using the CIFAR-10 dataset the
optimization ran for 50 training epochs with a learning rate
of 0.001 (batches of 128 samples were used) for all the eval-
uated methods. For the ablation results reported in Fig. 2 of
the main manuscript the optimization ran for 20 epochs. For
the STL dataset the optimization ran for 30 training epochs
with a learning rate of 0.001 and batch size equal to 128.
For the CUB-200 dataset the optimization ran for 100 train-
ing epochs, using a learning rate of 0.001 for the first 50
training epochs and 0.0001 for the subsequent 50 training
epochs. Also, for the SUN Attribute dataset the optimiza-
tion ran for 20 training epochs. Furthermore, the decay fac-
tor v was set to 0.6 for this dataset, due to the smaller num-
ber of training epochs. Finally, note that for the experiments
conducted with the contrastive supervision (CIFAR-10) we
employed the contrastive loss with the margin set to 1 and
the loss was combined with the KD loss after weighting it
with 0.1. Also, for the classification experiments reported
in Table 2, all the methods were also trained using a super-
vised classification term (cross-entropy loss). Finally, for
all the experiments conducted using the distillation loss, a
temperature of 7' = 2 was used.
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