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Abstract

With the recent advancement of deep learning, the requirements for hardware resources have also increased

significantly.

Many existing compression methods retrain the compressed model with the labeled datasets, so

we cannot compress the model in the test environment where the label information cannot be acquired. We
proposed a novel scheme to compress the pre-trained model without the label annotation in the inference phase.
To implement the unsupervised compression, we obtain the pre-trained model by using a scheme of stochastic
depth, which can handle the new data even with several missing blocks. Then, for searching the optimized
network which has reduced size, we propose the iterative scheme to find the compressed model efficiently. We
validate our proposed method on the classification benchmark dataset (Cifar-10), and our framework successfully
compresses the deep learning model without the necessity of label annotation.

1. Introduction

Nowadays, deep neural networks have been applied in various
industrial area such as self-driving cars, mobile phones, and many
others [1]. Among these industrial fields, the attempts to apply
deep neural networks to various devices have increased. However,
the large model size and computational cost cause great obstacles
for many applications, especially on some constrained devices
with limited hardware resources [2].

To handle this issue, the existing studies such as network
compression [3], and knowledge distillation [4] only focus the
optimizing tiny network within the provided devices. These
approaches require additional training steps, and another problem
arises that trained networks cannot be applied to online strategy.

In these regards, we propose an online method that make the
neural network adaptable to the target device. Based on the
residual network [5], we first develop the compressible network
which can skip or reuse its residual blocks. We train the neural
network dynamically, so the compressed network can estimate its
prediction while preserving the performance. At the end of the
training, the compressible network is converted to the optimized
compressed network without additional training. In Cifar-10
dataset, we validate our method, and we find that our method can
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achieve the compressed neural network efficiently with online
execution.

2. Compressilbe Network

To construct the compressible network, we use the proposed bypassing
block and recycling block. Based on the residual block in [5], these
blocks are developed for network compression with efficiency. We
describe these blocks in detail as follows.

Figure 2. Recycling Block Execution
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Bypassing Block. Compared to the original residual block
which utilizes the identity residual connection, the bypassing block
throws its input to its output directly through the skip connection
[5]. By using the skip connection, the network can maintain the
output channel shape. Since the bypassing block can ignore the
estimation of the included layers in the original residual block,
replacing the residual block with the bypassing block can reduce
the model size.

Recycling Block. Instead of setting the input to the output
through the residual connection, the recycling block feeds the
initial input into the previous residual block to obtain the updated
input. Then, the updated input becomes the output after the identity
or the bottleneck residual connection of the recycling block.

While the bypassing block can reduce both the computation cost
and model size, the recycling block does not result in the reduction
of the computational flops. However, by using the recycling blocks,
we can reduce the memory size of our model and make the block
operations more diverse, which is helpful to find the optimal
compression network in a wide range. We present the proposed
block computations in Figure 1 and Figure 2.

3. Dynamic Network Training

To construct the compressible network, we use the proposed
bypassing block and recycling block. Based on the residual block
in [5], these blocks are developed for network compression with
efficiency. We describe these blocks in detail as follows.

Network Training. In our method, we use stochastic depth to
train the residual network. By using the stochastic depth,
performance can be preserved even if the network is executed with
fewer computation paths, which we called dynamic inference. The
loss function with the stochastic depth applied is as follows;

Leotar = Exex[CE(fP(x),¥)] ey

CE denotes the cross-entropy loss function [7], x means t
he input data, and y is the target label. We present the stoc
hastic model path as fP, and the path is determined by the
probability p. We use the ResNet-18 [5] as the base model.
For stochastic depth training, p is set as [0.0, 0.1, 0.2, 0.1]
when ResNet-18 has [2, 2, 2, 2] bottleneck block combinati
on. According to the probability set here, the residual block
s are converted into the two proposed block types (bypassin
g and recycling blocks). The conversion probabilities of the
two block types are equal to the set p.

4. Online Inference with Compression

At the end of the training, we use the trained compressib
le network on the testdataset. For each batch of test data, t
he compressible network is executed multiple times.

Unlabeled Prediction. Before estimating the optimized
compressed network, we apply the bootstrapping aggregation to
obtain the optimal predicted output. Various paths determined by
probability set p yield different predictions from the same output.
However, because the accuracy of the output cannot be judged
during the inference step, we average the output values from the
various paths to estimate the accurate derived prediction.

Optimized Compressed Network. By using the accurate
predictions we described, we can achieve the optimal compression
path. We take 10 randomized paths according to the probability set
p and calculate how similar the paths are to the unlabeled
predictions we described. Cross-Entropy is used as a criterion for
judging distributions from various compressed paths, and the path
which has the most similar distributions to the unlabeled prediction
is selected as the optimal path. We utilize the derived optimal path
as a compressed network for online inference. Through this
process, we find the optimal converted network which makes the
best accurate predictions. By using the optimized compressed
network, resources for obtaining a compressed network are
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reduced.

5. Experimental Result

To validate our method, experiments are conducted in open
benchmark dataset. We recorded the accuracy of full and
compressed models and the detailed inference times.

Implementation Details. We use the Cifar-10 dataset for the
classification which consists of 10 class image data. We use the
ResNet-18 [5] architecture and an SGD optimizer that the learning
rate is set at 0.01.

Method Accuracy
Full Model 88.65%
Compressed Model 72.34%

Table 1. Cifar-10 Result

Method Inference Time
Full Model 0.00127
Compressed Model 0.00090

Table 2. Inference Time

We recorded the performance and inference time at the a
bove tables. Full Model presents the performance of the non
-compressed networks and the Compressed Model is the exp
erimental results from the optimized compressed model follo
wed by our method. From these result, it can be seen that
our method estimate the predictions faster with the slightly 1
ow accuracy. The performance of the compressed network is

notable even if the network has not been fine-tuned or add
itionally trained. Furthermore, the reduced inference time all
ows the network to be used in various devices.

6. Conclusion

In this paper, we propose an online adaptive neural netwo
rk to fit the target device without additional training steps.
By using our method, neural networks can be adaptable to t
he target devices. We develop a compressible network whic
h can convert its residual blocks for reducing the model siz
e and computation cost. From the validation experiment, we
can show that our method achieves notable performance wit
h a reduced computation cost. We argue that our proposed
method provides a meaningful perspective as the online com
pression scheme.
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