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Abstract. In machine learning, model compression is vital for resource-
constrained Internet of Things (IoT) devices, such as unmanned aerial
vehicles (UAVs) and smart phones. Currently there are some state-of-
the-art (SOTA) compression methods, but little study is conducted to
evaluate these techniques across different models and datasets. In this
paper, we present an in-depth study on two SOTA model compression
methods, pruning and quantization. We apply these methods on AlexNet,
ResNet18, VGG16BN and VGG19BN, with three well known datasets,
Fashion-MNIST, CIFAR-10, and UCI-HAR. Through our study, we draw
the conclusion that, applying pruning and retraining could keep the per-
formance (average less than 0.5% degrade) while reducing the model size
(at 10x compression rate) on spatial domain datasets (e.g. pictures); the
performance on temporal domain datasets (e.g. motion sensors data)
degrades more (average about 5.0% degrade); the performance of quan-
tization is related with the pruning rate and the network architecture.
We also compare different clustering methods and reveal the impact on
model accuracy and quantization ratio. Finally, we provide some inter-
esting directions for future research.

Keywords: Model compression - Deep neural network - Edge
computing

1 Introduction

As the role of Internet of Things (IoT) and edge computing becomes more impor-
tant, the amount of deployed IoT devices and edge devices keeps growing [39].
These devices are designed for a long period usage even under unattended envi-
ronments. Thus long battery life becomes the first priority of design, as opposed
to the computing abilities. On the other hand, these devices will produce real-
time data. It is unrealistic to process these tremendous amount of data acquired
by these devices over cloud as the data transmission would require stable internet
connection and efficient bandwidth, and consume considerable amount of power.
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This is against the real-time processing, power efficiency and network tolerance
requirements of IoT devices. For instance, fatigue detection during driving needs
to respond in real-time for live saving [27]. Unmanned aerial vehicles (UAVs)
require power efficiency to conduct long term tasks without power recharge [14].
Human activities detection would require long term wearing without interrupt
users’ daily life [4,10,25,26]. Offshore oil platforms usually contain considerable
IoT devices but the devices’ connection to Internet is limited [30]. Industrial
control systems require real-time response for monitoring and security [13,34].

Conversely, as the main focus of current research is targeted on increasing
model accuracy, modern deep neural networks usually contain dozens to hun-
dreds of layers, e.g. MobileNet [19] and Vision Transformer (ViT) [12]. The
corresponding model parameters have also proportionally increased, which leads
to a large model size. Though these models could perform well, they require a
substantial computing resources to deploy. For instance, the size of commonly
used pre-trained model VGG19 [32] is 550MB, while the onboard random access
memory (RAM) of Raspberry Pico is only 264KB'. Not only the IoT devices,
modern edge devices, e.g. micro controller units (MCUs) and mobile phones, are
also limited by their battery capacity and computing resources. Table 1 shows
a comparison of commonly used model sizes against mainstream edge devices
memory capacity.

Table 1. Model size/hardware memory comparison.

Network | Model Sized | B1® | B2* | B3* | SW1P|SweP | Mic | Mec
Memory Capacity

ResNet18 | ~ 45M B 32KB |32 KB |8MB|1GB |1.5GB |6 GB|8GB
AlexNet | ~235 MB
VGG11 | =500 MB
VGG19 ~550 MB
2 B1: Arduino MKR1010, B2: Arduino Portenta H7,

B&: Raspberry Pi Zero

b SWi1: Apple Watch Series 8, SW2: Samsung Galaxy Watch 4
¢ M1: iPhone 13 Pro Max, M2: Samsung Galaxy 22 Ultra

d https://pytorch.org/docs/stable/hub.html

Thus, these accurate but sizeable models need to be compressed before
deployed. Recent research proposed several approaches to perform model com-
pression, e.g. parameter pruning and quantization [16], low-rank factoriza-
tion [11,28] and knowledge distillation (KD) [3]. In 2015, Han et al. [16] proposed
Deep Compression, which applied pruning, quantization, and Huffman coding
on LeNet, AlexNet and VGG-16 networks, with the max compression rate 35x
(2.88% of the original size) for AlexNet and 49x (2.04% of the original size)
for VGG-16 without impacting the model accuracy. In 2014, Denton et al. [11]

! https://www.raspberrypi.com/documentation/microcontrollers/raspberry- pi-pico.
html.
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noted that, within a Convolution Neural Network (CNN), nearly 90% of the
computing time are spent on conv layers, while the first several layers are the
most time-consuming ones. By using low rank approximation, which decomposes
the original parameter matrices with Singular Value Decomposition (SVD), the
required space for matrices storage could be significantly decreased. Moreover,
the decomposed matrices could be clustered, and the method reaches a final
compression rate at 3.9x. In 2014, Ba and Caruana [3] proposed knowledge
distillation, which trained a shallow network to mimic a deep network, with-
out sacrificing accuracy. This method was based on one of the authors’ previous
work [5], which trained a small network to approximate a full network on pseudo
data.

However, these methods are limited on particular networks or datasets, e.g.
LeNet, AlexNet, MNIST, or even on pseudo data. Meanwhile, with the advance-
ment of neural network theory and design, modern networks contain complex
architectures and layers to extract features from large datasets. Apply the com-
pression methods directly to complex modern networks may lead to poor per-
formance. It is necessary to investigate the capabilities, as current researches
lack the exploration of the applicability of these compression methods on mod-
ern models and datasets. Thus, we present this work, in which we apply two
state-of-the-art (SOTA) compression methods on different models and datasets,
provide an in-depth comparison of the method performance on different models
along with different datasets. We also show the understanding of both limita-
tions and possibilities of the model compression techniques, which indicates the
research directions in the future.

To summarize, this study makes the following major contributions:

e By comprehensive experiments of two SOTA model compression techniques,
we propose a general guideline for applying compression methods on modern
models;

e Within the empirical study, we apply one SOTA compression method (quanti-
zation) progressively, probe the limitation, compare different clustering meth-
ods, and reveal the impact in great detail.

e We open-source our implementation on GitHub?, which could benefit the
community for future researches.

The remainder of this paper is structured as follows. In Sect. 2, we introduce
the techniques we apply for the experiments. In Sect. 3, we present the empirical
study results and our discussion. In Sect. 4, we review the related work. In Sect. 5,
we draw the conclusion and point out our future research direction.

2 https://github.com/paul-tian/broadnets2022-compression.
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2 Methodology

2.1 Data Augmentation

To increase the generalization of deep learning models, there are two major
approaches, one on models architecture, and the other on training datasets [31].
Commonly used model-side techniques add specific functions to the models, e.g.
dropout [33] and batch normalization [21], while commonly used data augmen-
tation (images) methods are geometric transformations, flipping, color space
alteration, cropping, rotation, and noise injection [31].

As our research target is to explore the compression effectiveness on specific
models, we choose to augment the training datasets to help mitigate overfitting.
In our experiments, the image datasets, Fashion-MNIST and CIFAR-10, are
both augmented with the procedure shown in Fig. 1.

Original Resized Random Random Modified
Dataset ) Dataset ) Crop —’Horizontal Flip_’ Dataset

Concatenate

> <

Final
Dataset

Fig. 1. Dataset augmentation procedure.

The augmentation step adopts from the practice in [18]. As our implemen-
tation of networks requires constant input shape, we first reshape the image to
the required size, 63 x 63 for AlexNet [24], 33 x 33 for ResNet 18 [18], 32 x 32
for VGG-11 [32] with Batch Normalization [21] and VGG-19 [32] with Batch
Normalization [21]. A random crop is sampled, follows by a random horizon-
tal flip with 0.5 as the possibility. It is worth noting that the random crop is
padding-enabled to maintain the required size.

2.2 Pruning

Model pruning will remove certain weights from the network, which could help
reduce the amount of parameters, while keep the performance degradation in an
acceptable level. The pruning method we apply to the chosen models is adopted
from Han et al. [16]. We train the chosen models from scratch, prune these models
with different thresholds, and evaluate the consequence of different compression
rates.

The pruning threshold is calculated as:

T = STD(W;) x Sensitivity (1)
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where 7 stands for the pruning threshold, ST'D stands for standard deviation,
and W, stands for weights per layer.

Sensitivity is a hyperparameter, by adjusting it, we could tune the pruning
ratio and explore through different compression rates.

The pruning procedure is shown as Fig. 2.

Train Full . Retrain Pruned
Network | Pruning = Network

Fig. 2. Train, prune, retrain.

2.3 Quantization

After the pruning, the weight matrices could still be compressed through quan-
tization. We choose to perform weight sharing as a method of quantization,
which will cluster weight values and use the value of centroids as the representa-
tive value for the weights in the same clustering. An example of weight sharing
is shown in Fig. 3. Though there are several clustering centroid initialization
methods (e.g. random [29], density-based [9], linear [7]), it has been proved that
initializing the centroids with linear method could mitigate poor representation
caused by the singular value [16]. However, the limitation of the linear centroids
lacks discovery. Thus, we investigate the boundary of the linear centroid method
in terms of compression ratio and accuracy. We also investigate modern non-
linear method and conduct comparison.
The linear centroids of weights clustering can be calculated as:

Centroids = Cluster(29-B" W) (2)

where the Q_Bit stands for the quantization bits, which is a hyperparameter,
Cluster stands for the clustering algorithm, and W; stands for weights per layer.
The non-linear centroids of weights clustering can be calculated as:

Centroids = Cluster(W)) (3)

where W, stands for weights per layer. As the centroids initialization in this
non-linear method is value-based, no centroid value is required for input.

3 Experiments

3.1 Experimental Setup

Dataset: The experiments are conducted based on three widely used datasets,
Fashion-MNIST? [40], CIFAR-10* [23], and UCI-HAR® [1]. Fashion-MNIST

3 https://github.com/zalandoresearch /fashion-mnist.

* https://www.cs.toronto.edu/~kriz/cifar.html.

5 https://archive.ics.uci.edu/ml/datasets/human+-activity+recognition-using
+smartphones.
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11, 0 1.3 Clustering Weight sharing |1.2| 0 1.2
Centroids: 1.2

0 1217 :> 01217

18 16 0 1.7(1.7| 0

Centroids: 1.7

Fig. 3. An example of non-zero weight sharing. There are 6 non-zero weights in this
3 x 3 weight matrix. 1.1,1.2,1.3 are clustered to 1.2, and 1.6,1.7,1.8 are clustered to
1.7. The new weight matrix is then generated by replacing the original number with
the clustered one.

dataset is an image dataset of Zalando’s article images, with a training set of
60,000 examples and a test set of 10,000 examples. Each example is a 28 x 28
grayscale image, associated with a label from 10 different classes. CIFAR-10
dataset consists of 60,000 colour images, with a training set of 50,000 examples
and a test set of 10,000 examples. Each example is a 32 x 32 grayscale image,
associated with a label from 10 classes. UCI-HA R dataset is a human activities
dataset. It is built from the recordings of 30 study participants, aged from 19 to
48, performing activities of daily living (ADL). The data are collected by a waist-
mounted smartphone (Samsung Galaxy S II) with embedded inertial sensors.
This dataset contains six ADL, i.e. WALKING, WALKINGUPSTAIRS, WALK-
INGDOWNSTAIRS, SITTING, STANDING and LAYING. The sampling rate
of the inertial sensors (i.e. accelerometer and gyroscope) 50 Hz, and the labels
are tagged manually with respect to the video recording. The sensor signals are
pre-processed with noise-filtering and sampled through fixed-width (128 readings
per window) sliding windows.

Evaluated Neural Networks: The aim of this experiment is to investigate
the feasibility of the network compression method in different SOTA neural net-
works. The chosen neural networks are ResNet 18 [18], AlexNet [24], VGG-11 [32]
with Batch Normalization [21] (VGG11BN), and VGG-19 [32] with Batch Nor-
malization [21] (VGG19BN), which have 11.2M, 20.3M, 28.1M, 40.0M param-
eters, respectively.

Training: All experiments are implemented using Pytorch (version 1.11.0) with
CUDA (version 11) on a single NVIDIA RTX 2080Ti GPU. The experimental
hyperparameter settings are illustrated in Table 2.
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Table 2. Experimental hyperparameter setting.

Hyperparameter description | Values

Number of training epochs | 100

Batch size 64

Spatial learning rate® 0.01 with a decay rate = 0.1 per 20 epochs
Temporal learning rateP 0.001 with a decay rate = 0.1 per 30 epochs
Random seed 42

Optimizer SGD with default setting

Weight initialization Kaiming He Initialization [17]

2 Learning rate for spatial domain datasets, i.e. Fashion-MNIST and CIFAR-10.
b Learning rate for temporal domain datasets, i.e. UCI-HAR.

3.2 Research Questions

— RQ1: How the weight-based pruning affects the models’ perfor-
mance?

We first train the full networks from plain, then apply the weight-based pruning
on the backbone networks with different pruning rates {—10%, —50%, —90%}.
The corresponding compression rates are {1.1x,2x,10x }, respectively.

— RQ2: How the various compression rates affect the models’ perfor-
mance if retraining the model?

We retrain the various pruned networks with the same training settings as
the full ones.

— RQ3: How the various quantization storage bits affect the models’

performance, and what is the modern non-linear centroids initial-
ization performance?
We quantize the non-zero weights with different storage bits settings (hyper-
parameter Q_Bit). The corresponding centroid numbers for different Q_Bit
{4,3,2} are {24,23,22}, respectively. We also apply a modern non-linear clus-
tering centroid initialization (K-Means++ [2]) along with the linear clustering
centroid initialization for comparison.

3.3 Experiment Results

In order to explore the impact and suitability of model compression on different
networks, we perform extensive experiments on the selected neural networks.
The pruning results for the three datasets, Fashion-MNIST, CIFAR-10 and UCI-
HAR, are shown in Table 3, 4, 5, respectively. The quantization results are shown
in Table 6.

For RQ1, comparing with the full models, the performance of compressed
ones degrade by 2.33% on Fashion-MNIST dataset, 4.25% on CIFAR-10, 41.57%
on UCI-HAR, on average, with 2x models. While 73.19% on Fashion-MNIST
dataset, 62.88% on CIFAR-10, 67.29% on UCI-HAR, on average, with 10x mod-
els. The 1.1 x models show no significant difference. This phenomenon shows that
pure pruning could still keep the model performance until 2x, but models for
temporal domain datasets are more vulnerable to pruning.
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Table 3. Pruning result comparison, Fashion-MNIST.

Network Sensitivity® | #Params | Comp. Rate® | Acc-AP® | Acc?
ResNet18 | — 11.2M 1x - 93.27
0.111 10.1M 1.1x 93.26 93.27
0.609 5.6M 2% 90.81 93.10
1.590 1.1M 10x 29.04 93.05
AlexNet - 20.3M 1x - 92.91
0.127 18.3M 1.1x 92.89 92.90
0.671 10.2M 2% 89.01 92.78
1.510 2.0M 10x 21.61 92.45
VGGI11BN | — 28.1M 1x - 94.39
0.095 25.3M 1.1x 94.31 94.26
0.528 14.1M 2% 92.00 94.23
1.499 2.8M 10x 17.92 94.22
VGG19BN | - 40.0M 1x - 93.98
0.102 35.0M 1.1x 93.97 93.98
0.557 19.5M 2X 93.40 93.85
1.510 3.9M 10x 13.22 93.61

# The pruning sensitivity.

® The compression rate.

¢ The accuracy after pruning without retrain. (RQ1)

4 The accuracy after training (full network)/retraining (pruned net-
work). (RQ2)

It is also noticeable that, though pruning will lead to model performance
degradation, different pruning rates will lead to opposite performance. On spa-
tial domain datasets (Fashion-MNIST and CIFAR-10), VGG19BN, the biggest
network among the 4 chosen networks, shows the least degrade (less than 1%)
for 2x compression, while the largest degrade (more than 78%) occurs for 10x
compression. In contrast, ResNet18, the smallest network, shows the largest
degradation (more than 4%, the same as AlexNet) for 2x compression, while
the least degradation (less than 63%) for 10x compression. We believe that for
large networks with considerable feature extraction layers, the stability could
maintain when pruning. But when certain portions of the weights are removed,
the performance will drastically drop. For residual networks, the feature extrac-
tion layers are shallow, but the structure makes them more restrainable when a
large number of weights are pruned (i.e. 90%). In other words, large deep net-
works are insensitive but vulnerable to pruning. Meanwhile, residual networks
are sensitive but robust for pruning. On the temporal domain dataset (UCI-
HAR), though AlexNet shows the least degradation among all chosen networks,
all four networks show obvious degradation starting from 2x compression. We
believe that models trained for temporal domain datasets are more fragile and
susceptible to pruning.

For RQ2, from Table 3, 4, 5, after retraining the pruned networks, the per-
formance of all compressed networks (i.e. 1.1x,2x,10x) shows no noticeable
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Table 4. Pruning result comparison, CIFAR-10.

Network Sensitivity® | #Params | Comp. RateP | Acc-AP¢ | Accd
ResNet1l8 | — 11.2M 1x - 83.88
0.111 10.1M 1.1x 83.17 83.81
0.633 5.6M 2% 77.55 83.51
1.437 1.1M 10x 42.37 83.21
AlexNet — 20.3M 1x — 82.39
0.137 18.3M 1.1x 82.16 82.39
0.718 10.2M 2x 76.49 82.38
1.520 2.0M 10x 18.43 81.98
VGGI11BN | — 28.1M 1x — 88.76
0.100 25.3M 1.1x 88.46 88.73
0.552 14.1M 2x 85.29 88.67
1.510 2.8M 10x 19.94 88.14
VGGI19BN | — 40.0M 1x — 90.33
0.107 35.0M 1.1x 89.80 90.23
0.582 19.5M 2x 89.01 90.22
1.535 3.9M 10x 13.11 89.75

2 The pruning sensitivity.
b The compression rate.

¢ The accuracy after pruning without retrain. (RQ1)
d The accuracy after training (full network)/retraining (pruned net-

work). (RQ2)

Table 5. Pruning result comparison, UCI-HAR.

Network Sensitivity® | #Params | Comp. RateP | Acc-AP® | Accd
ResNet18 | — 11.2M 1x — 86.97
0.126 10.1M 1.1x 85.44 85.51
0.684 5.6M 2x 51.68 84.43
1.709 1.1M 10x 16.66 82.80
AlexNet - 20.3M 1x - 83.17
0.175 18.3M 1.1x 80.69 83.10
0.888 10.2M 2% 68.88 82.15
1.601 2.0M 10x 23.82 71.71
VGGI11BN | — 28.1M 1x — 85.44
0.126 25.3M 1.1x 84.70 84.80
0.678 14.1M 2x 32.85 84.36
1.668 2.8M 10x 14.25 84.05
VGG19BN | - 40.0M 1x - 84.29
0.126 35.0M 1.1x 84.19 84.19
0.678 19.56M 2% 20.20 83.37
1.663 3.9M 10x 15.98 81.68

@ The pruning sensitivity.
b The compression rate.

¢ The accuracy after pruning without retrain. (RQ1)
d The accuracy after training (full network)/retraining (pruned net-

work). (RQ2)
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or tolerable degradation (average degrade is less than 0.7% on spatial domain
datasets and 4.9% on temporal domain datasets, maximum 0.62% and 11.46%,
respectively). This reflects that retraining is essential for high compression rates
(e.g. 10x), and applying retraining step could keep the overall accuracy.

For RQ3, from Table 6, the performance degradation for 4 quantization bits
(Q-Bit {4}) is not noticeable (average less than 1%, minimum 0.04% and max-
imum 1.92%). For Q_Bit {2}, all the evaluated neural networks show fatal per-
formance degradation, which indicates that quantization with {2} (i.e. 22, or
4 unique numbers as clustering centroids) cannot maintain a usable status for
model quantization. It is worth noting that, for deep networks (i.e. ResNet18
and VGG19BN), the performance of quantization correlates to the pruning rate.
The higher the pruning rate, the higher the quantization performance. We believe
the reason is that, small-value weights will become the noise for clustering and
degrade the performance worse. The increasing pruning rate can reduce the noise
and help mitigate the performance degradation. On the contrary, for shallow net-
works (i.e. AlexNet and VGG11BN), the performance of quantization is related
not only to the pruning rate, but also to the Q_Bit value. When @ _Bit is lower
than {4}, the quantization performance is in inverse proportion to the pruning
rate. When Q_Bit equals {4}, it shows a similar characteristic as deep networks.
We believe the reason is that, shallow networks contain fewer layers and the dis-
tinctiveness of parameters is the key to maintaining the performance. Applying
quantization with fewer clustering centroids will destroy the distinctiveness and
degrade the performance. While deep networks contain enough layers, which is
more robust for the distinctiveness loss after the quantization. It is also worth
noting that, ResNet18 performs the best among all four networks. As ResNet18
contains residual block (RESBLOCK), which might be the key part for main-
taining the accuracy.

4 Related Work

Since AlexNet [24] won the 2012 ImageNet competition, Convolutional Net-
works have become more accurate by growing larger. However, deep Convolu-
tional Neural Networks are often overparameterized, which has led to researchers
attempting to reduce model size by trading accuracy for efficiency.

Handcraft Efficient Mobile-Size Convolutional Networks: It is a com-
mon solution to handcraft efficient mobile-size Convolution Networks, such
as SqueezeNets [20], and ShuffleNets [42]. One of the most famous models is
MobileNet [19], which proposes depthwise separable convolutions to build light
weight deep neural networks. This work introduces two simple global hyperpa-
rameters that efficiently trade off between latency and accuracy. These hyper-
parameters allow the model builder to choose the right sized model for their
application based on the constraints of the problem. Comparing with model
compression, this solution is also possible to deploy a high-accurate neural net-
work on ToT devices, which could be an efficient way for solving particular tasks.
However, to design a network from scratch requires considerable time and com-
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Table 6. Quantization result comparison.

AlexNet

ResNet18

P-Rate* Q_Bit® Deg-L°(%) Deg-NL%(%) P-Rate® Q_Bit® Deg-L¢(%) Deg-NL4(%)

2 23.74 20.90 2 62.70 68.43
1.1x 3 3.48 5.34 1.1x 3 8.19 9.68
4 1.04 0.77 4 0.17 0.50
2 23.07 36.62 2 47.61 58.43
2x 3 3.51 4.45 2x 3 2.29 3.28
4 0.28 0.65 4 0.67 0.68
2 32.63 42.07 2 43.79 39.12
10x 3 6.42 7.45 10x 3 1.92 3.02
4 0.30 0.09 4 0.19 0.66
VGG11BN VGG19BN
P-Rate® Q_Bit® Deg-L°(%) Deg-NLY(%) P-Rate® Q-Bit® Deg-L°(%) Deg-NL%(%)
2 62.41 73.75 2 57.22 77.55
1.1x 3 18.69 16.72 1.1x 3 34.84 35.55
4 0.94 0.55 4 0.12 1.32
2 48.37 75.19 2 77.33 77.33
2x 3 2.66 2.08 2x 3 12.21 16.32
4 0.24 0.04 4 0.42 0.29
2 52.80 67.86 2 71.38 77.09
10% 3 2.94 3.44 10 3 3.46 5.18
4 0.31 0.50 4 0.06 0.04

# The model of corresponding compression rate from pruning.

® The quantization bit for storing the shared weight.

¢ The average accuracy degrade for linear clustering centroid initialization.

4 The average accuracy degrade for non-linear clustering centroid initialization

puting resources, while model compression could directly leverage existing, high-
maturity neural networks with small efforts.

Neural Architecture Search for Efficient Mobile-Size Convolutional
Networks: Recently, neural architecture search has become increasingly popu-
lar in the design of efficient mobile-sized Convolutional Networks [6,35], and can
achieve even better performances than hand-crafted mobile Convolutional Net-
works by carefully tuning the width, depth, size, and type of convolution kernels.
EfficientNet [36] is one of the typical models which scales the networks to small
their size. EfficientNet uses fixed scaling coefficients to uniformly scale width,
depth, and resolution of networks. It is noteworthy that their scaling method can
also be applied to MobileNet and ResNet. Compared with other single-dimension
scaling methods [18,19,41], their compound scaling method performs better on
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all of these models. It is also possible to combine this method with model com-
pression for even smaller computing requirement and higher efficiency (e.g. we
apply the compression on ResNet in the experimentation).

Others Researches on Model Compression: In 2020, Yu et al. [8] reviewed
recent model compression techniques, and classified them as Pruning, Quan-
tization, Low-rank Approximation, and Knowledge Distillation. Low
rank approximation could decompose the original parameter matrices with SVD
and decrease the required matrices storage space, while knowledge distillation
researches the target by training a shallow network to mimic a deep one, instead
of altering the original network itself.

Other Researches on Splitting Models: As edge devices play an vital role
in IoT, one possible methodology of deploying the deep neural networks on
them are model splitting. Inference models are spitted by layers, and the execu-
tion framework will schedule the layers execution and transfer the layer output
through internet connection [15,22,38]. By leveraging the strong cloud comput-
ing abilities and internet connection (e.g. Wi-Fi, LTE and 5G), model splitting
could significantly improve the network efficiency, comparing with pure local
computing or cloud computing.

5 Conclusion

It this work, we practice the pruning and quantization compression empirical
study towards a popular SOTA method. We reveal the advantages of the SOTA
method, e.g. pruning 10x with no noticeable performance degrade (less than
0.7%) and quantization with 23 with acceptable degrade (less than 5.0%) on
spatial domain datasets (i.e. Fashion-MNIST and CIFAR-10); while the per-
formance temporal domain datasets (i.e. UCI-HAR) degrades more (maximum
15.55%). Meanwhile, we compare different clustering algorithms and improve the
performance (maximum 0.5%, on AlexNet 10x). We have open-sourced these
experimentation codes on GitHub®. Based on the well performance of graph
neural networks on non-euclidean distance datasets, we plan on further explore
the compatible compression methods towards graph neural networks. It is worth
noting that, in recent years, other methods for deploying neural networks on
ToT devices appear, from both compression aspect (e.g. knowledge distillation,
low-rank approximation and transfer learning) and execution aspect (e.g. model
splitting). These new approaches provide us a horizon of researching. Meanwhile,
as transformer networks (i.e. [12,37]) also contain residual blocks as ResNet18,
it is possible to apply model compression on transformer networks with high
P-Rate (e.g. 10x) and Q_Bit{4} to reach a high compression rate while main-
taining the performance. We also plan on further explore the boundaries of these
methods.

5 https://github.com/paul-tian/broadnets2022-compression.
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