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Abstract

Driven by the expeditious wireless evolution and growing complexity of Internet of Things systems,
edge intelligence has been widely recognized as a novel paradigm to enable ubiquitous smart industry
and consumer applications, which uses mobile edge computing (MEC) to push artificial intelligence
(AI) related computing to the network edge near mobile terminals and data sources for low-latency data
processing. However, design and deployment of edge intelligence remain extremely challenging due to
resource-constrained edge computing environments and latency-related considerations. These motivate
us to explore edge intelligence from different perspectives, particularly software orchestration (e.g., Al
model design, model optimization, and resource management) and hardware acceleration methods (e.g.,
Al chip customization). However, the performance improvement of edge intelligence using just one
single perspective is extremely limited, especially when its advantages are exhausted, which seriously
hinders further performance development. In this article, we propose an edge computing framework
with co-acceleration of software orchestration and hardware to break through the bottleneck of a single
acceleration perspective on performance improvement, enabling high-quality edge intelligence service
deployment. Simulation results show that the proposed edge computing framework has dramatically

improved system performance in facilitating low-latency edge intelligence.
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I. INTRODUCTION

The recent advancement of artificial intelligence (AI) technologies will create a new paradigm shift
from Internet of Things (IoT) to Internet of Intelligence in next-generation wireless communications.
Predictably, Al technologies (e.g., machine learning and deep learning) will gradually replace parts of
human roles and even will outperform humans in various fields with high work intensity, difficulty or
dangerous environment, such as facial recognition, computer vision, natural language processing, and
anomaly detection, improving work efficiency dramatically. The implementation of Al applications often
involves two computing steps: training an Al model based on a large-scale training dataset and utilizing
the trained Al model for data processing and decision-making (i.e., Al inference). Since these two steps
usually require powerful computing power and massive storage resources, it is difficult to directly enable
computation-intensive and latency-sensitive Al applications on resource-constrained mobile terminals.
Therefore, Al training and inference so far mostly resort to the remote cloud datacenter (i.e., cloud-
based centralized intelligence). Specifically, the raw data are transmitted to the cloud datacenter from
mobile terminals on the network edge for complicated processing, and then the processing results are
transmitted back to mobile terminals. In recent years, driven by the fast evolution of IoT and wireless
communication technologies, the number of mobile terminals and the amount of data at the network edge
have increased dramatically, making data sources undergo a radical shift from the cloud datacenter to
the increasingly widespread mobile terminals. Unfortunately, processing large amounts of data generated
by mobile terminals in the cloud datacenter often incurs unexpected end-to-end latency, high energy
consumption, and privacy leakage issues.

To significantly improve Al processing performance, edge intelligence, which uses edge computing
technology to push Al from the cloud datacenter to the network edge which is closer to mobile terminals
and data sources, is getting wide attention [1] [2]. However, edge intelligence is still in its infancy and faces
a fundamental challenge, that is, how to effectively build the entire training and inference process of Al
models on the network edge. This challenge has motivated the research on software orchestration methods,
including model designs, model optimizations, and computing framework designs. Model compression
[3] has been commonly adopted to reduce the model complexity and accelerate the model inference,

making Al models easier to deploy to mobile terminals or the network edge. Considering differentiated
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computation capabilities among mobile terminals, edge servers and complicated network environments, a
terminal-edge collaborative computing framework was proposed in [4], enabling on-demand low-latency
inference by jointly designing the model partition strategy and the early-exit strategy. In [5], a computing-
power networking framework was presented for ubiquitous Al by establishing networking in the Al
computing-power pool, enabling the adaptability for computing-power users, the flexibility for networking,
and the profitability for computing-power providers.

Besides the innovation of theoretical algorithms, edge intelligence is also inseparable from the most
advanced chips’ performance improvement. Although some lightweight AI models can run on general-
purpose chips like central processing units (CPUs), it is tough to perform deeper deep neural networks
on the CPUs due to huge intolerable training/inference latency and energy consumption. Therefore, many
researches focus on designing specialized Al chips to significantly accelerate Al-related computing in an
energy-efficient way, such as improving the level of parallel computing and reducing the frequency of
memory access [6].

However, acceleration methods from only one perspective, such as hardware acceleration or software
orchestration, gradually reach the computing performance bottleneck when the single perspective’s ad-
vantages are exhausted. Therefore, to further improve Al computing performance, new effective solutions
are expected from multiple perspectives (i.e., co-acceleration of software orchestration and hardware).
Software orchestration focuses on Al model designs, model optimizations, computing framework designs,
and effective resource management, whereas hardware acceleration focuses on hardware design.

In this article, to further promote the process of edge intelligence, we propose a low-latency edge
computing framework to obtain better computing performance through co-acceleration of software or-
chestration and hardware. This framework can break through the performance bottleneck from a single
acceleration perspective. Besides, we present a case study of edge computing with co-acceleration of
software orchestration and hardware. Numerical results show the potential benefits of co-acceleration of
software orchestration and hardware.

The rest of this article is organized as follows. In the following section, we propose an edge Al
computing framework with co-acceleration of software orchestration and hardware for latency-sensitive
Al applications. Then we present a case study for the proposed framework and show simulation results

to verify the proposed scheme’s effectiveness. Finally, we conclude the article.
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II. PROPOSED EDGE AI COMPUTING FRAMEWORK WITH CO-ACCELERATION OF SOFTWARE

ORCHESTRATION AND HARDWARE

In this section, we propose an edge Al computing framework with multifaceted acceleration methods
to help Al execute more efficiently and quickly, enabling low-latency edge intelligence. As shown in Fig.
1, this framework can be broadly characterized into the following three parts: Al Applications, Software

Orchestration, and Hardware Acceleration.

A. Al Applications

Due to the remarkable advantages in analyzing large amounts of data and extracting features, Al
has been widely applied in various fields, including Smart Home, Intelligent Manufacturing, Intelli-
gent Transportation, and Intelligent Agriculture. Running computation-intensive and latency-sensitive
Al applications on the network edge is highly resource-intensive and requires fast data processing by
high-end chips. However, limited resources on mobile terminals and relatively slow evolution in the
semiconductor industry are hindering Al applications’ expansion. Therefore, there is an urgent need to
further accelerate the training and inference of deep neural networks through hardware acceleration and
software orchestration. With the co-acceleration of software orchestration and hardware, we will anticipate

an unprecedented era where innovations are achieved cooperatively.

B. Hardware Acceleration

Chips for hardware acceleration have tremendous implications for applying Al to domains under
significant constraints such as size, weight and power, both in the mobile terminals and edge network.
Al chips mainly include graphics processing units (GPUs), field-programmable gate arrays (FPGAs), and
application-specific integrated circuits (ASICs) highly specialized for Al applications [6]. Other types of
chips, such as general-purpose CPUs, can also be used for simple or lightweight Al tasks, but CPUs are
becoming tougher as Al advances. Table 1 compares the typical Al chips and general-purpose chips.

1) CPUs: The CPU has two key components, that is, the control unit (CTRL) in charge of handling all
operation instructions and the arithmetic logic units (ALUs) used to perform mathematical calculations.
The CPU is capable of both management and computing. However, the CPU has no specific computing
and memory budget designed for Al algorithms. If taking Al tasks, it will result in extremely low energy

efficiency. Normally, the CPU is only affordable for lightweight Al computation.

Authorized licensed use limited to: SOUTHWEST JIAOTONG UNIVERSITY. Downloaded on May 09,2022 at 02:41:20 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this magazine.

5

Al Application

Smart Home Intelligent Manufacturing Intelligent Transportation Intelligent Agriculture

Training Input

! Input

Software Orchestration
Training Acceleration Inference Acceleration
|TT T T T T T T TT T TSI 1 [ e
! Learned | New Input Inference |nference | h W ‘
| Knowledge i Data Result <:] ! = i ! ,:":?“\ Teacher i
©
! — ‘ : |2 8l v !
| ! Trained Neural }Q il !
I N —_
| Previous Accelerated | letwordModel 12 8! Data 'I()?sl:‘ilrllaet(i‘g:}
' Model Model | i) & !l !
| Transfer Learnin ! Ie} |
| e ] 1© 51 Student| |
) O I
i |
I |

(iR L Compression!| ____ ¢ ___________|
}» 32-bit floating-point (I |
Model Untrained Neural ~ Trained Neural ! _numbers !
oae. Network Model ~ Network Model | 16-bit floating-point [N I
Aggregation | numbers Precision |
- | 8-bitfixed numbers MM  Reducing |
Scheduling and Management Bt

Models Scheduler Resource Scheduler Facto_rlsa»ﬂon

%}o Computation — Memory
% N\ - ~ I
‘& (TG D CoooooooooooooooIoooooooIoIIois

Tr

Performance Indicators

‘2 N 9 ==
[~ S .

4 : o Pruning
i Accuracy Delay Energy Cost Unility

m =

Hardware Acceleration

1/0 Logic
| I [ ] | ] | | lock (05, P, B8 B0 Block

ALU || ALU { H H H } L
-
CI i i i [ =8 O
ALU || ALU [ H H H | o o
[ | [ | [ | [ | = =]

1 1 T 1
| ] [ ] [ ] [ | o =
’ Cache ‘ [ H H H | =N =
\ il il il ] o3 =
O | O
‘ Memory ‘ ‘ Memory ‘ ‘ Memory ‘
CPU GPU NPU

Figure 1. The edge Al computing framework with co-acceleration of software orchestration and hardware.
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2) GPUs: The GPU is currently the most widely used for graphics processing for various kinds of
games and the most flexible Al chip available in the Al chips market, which is much faster than general-
purpose chips. GPUs with thousands of computational cores can achieve 10~100x computing power
compared to CPUs alone [6]. They are built with parallelism and very good at running Al algorithms
with high parallelism demands.

3) FPGAs: Unlike CPUs and GPUs, FPGAs can be programmed with software based on their require-
ments or changed their functionality dynamically to satisfy the ever-changing demands. Reprogramming
can avoid potential technology obsolescence of the ASIC-based approach. Generally, FPGAs have a
shorter development cycle than ASIC-based Al chips and lower power requirements than GPUs. There-
fore, FPGA with millions of parallel system logic cells is used primarily for inference, and it is suitable for
implementing/optimizing Al algorithms. FPGA with enough flexibility and scalability can support a wide
range of neural networks. However, FPGAs’ high flexibility probably needs professional programming
experience and special tools.

4) ASICs: ASIC-based Al chips are currently the most popular form of Al chips due to their unique
optimization features for accelerating Al computing. These features [6] include a large number of
calculations in parallel rather than sequentially, accelerating memory access by moving the computation
inside or closer to memory (e.g., increasing the capacity of the on-chip memory and embedding a well-
trained Al algorithm inside the memory), calculating numbers with lower precision to reduce the number
of transistors while saving an enormous amount of memory and energy consumption, or designing chips
with fully hardware-implemented deep neural networks in an energy-efficient way. Compared with GPUs
and FPGAs, ASIC-based Al chips have a longer development cycle, less flexibility, smaller die size,
higher efficiency, and lower power consumption. In Fig. 1, we take the architecture of Neural Processing
Unit (NPU) as an example to visually illustrate the unique optimization features of ASIC-based Al chips.
At present, some manufacturers have introduced different ASIC-based processors intended for various
and computation-intensive tasks with high efficiency and high performance. For example, HiSilicon’s
900 series chips introduce an additional NPU to accelerate the calculation of vectors and matrices,
significantly improving the computational efficiency of Al. Google has developed a mobile Al chip (i.e.,
Tensor Processing Unit (TPU)) for its new smartphones named Google Pixel 6 to vastly improve the
photo, video, text-to-speech and other features on mobile terminals. Horizon Robotics offers Al-based
solutions for automotive applications powered by its Brain Processing Unit (BPU).

Actually, due to the diversity of requirements, it is challenging to design an all-purpose Al chip.

Therefore, Al chips should vary in size, efficiency, speed, generality and accuracy, and they should
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Table I
COMPARISON OF KEY Al CHIPS AND GENERAL-PURPOSE CHIPS.
Chip Types CPU GPU FPGA ASIC
Used for service control o )
Used for graphics-intensive
and management, suitable Programmable hardware, Dedicated to neural networks
e tasks processing, suitable
Characteristics for processing control shorter development period and customizable requirements
for processing large-scale -
tasks with complex than that of dedicated chips. | based on Al applications.
parallel computing tasks.
processed.
Customization General-purpose Semi-customized Semi-customized Customized
Training Speed Low High - High
Inference Speed Low Medium High Very High
Maximum Accuracy High High High Low
Key Manufaturers AMD, Intel, Nvidia AMD, Nvidia Intel, Xilinx Google, Intel, Huawei

be industry-oriented and customized for various Al application scenarios. For example, autonomous
vehicles require quite powerful Al chips to perform Al inference at network edge instead of in cloud
for the nanoseconds level latency, while wearable devices’ chips must process Al tasks under the strict
constraints of power consumption. Customizing an Al chip for a specific industrial application requires
lots of efforts in academia and industry, covering all hierarchies from algorithms, circuits to materials
and manufacture, providing the feasibility of significantly improving performance and reducing service
latency for Al applications. Besides, to break the performance bottlenecks of a single type of chip,
coupling multiple Al chips, such as Nvidia’s Grace Al chip coupled with ARM CPU and GPU, may

gain more advantages in accelerating Al computing.

C. Software Orchestration

Due to weak computing power and limited battery life, mobile terminals are usually unable to afford
computation-intensive and latency-sensitive Al tasks. Relying only on hardware acceleration to realize
edge intelligence limits the computational flexibility, so we should also seek more flexible strategies from
the perspective of software orchestration as follows.

1) Training acceleration: Training an Al model is quite time-consuming and computationally intensive,
which is unaffordable for ordinary mobile terminals due to their limited memory, computing power, and
energy. Therefore, it is necessary to take some measures to accelerate the training process, including
Transfer Learning (TL) [7] and Federated Learning (FL) [8] shown in Fig. 1. In TF, learned knowledge
on previous models can be transferred to new scenarios, thus significantly reducing the training costs. FL
is a kind of distributed collaborative learning, and it requires mobile terminals to download the global

model from the server and then upload the updated model to the server instead of uploading raw large-
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scale training dataset to the server, thereby significantly reducing the communication costs and avoiding
possible privacy leakage caused by uploading the raw training dataset.

2) Inference acceleration: Generally, the more Al model parameters (i.e., neurons and weights), the
larger the Al model’s size, and the higher the Al model’s accuracy. However, large Al scale restricts
the computing efficiency of Al models and further leads to dramatic computation costs such as high
latency, memory consumption, and energy consumption. Therefore, it becomes essential to accelerate
these models before deploying on resource-constrained mobile terminals while maintaining high model
accuracy. Great efforts are trying to lighten Al computing load via input parameter compression and model
optimizations. Effective pre-processing approaches can achieve input parameter compressions, such as
narrowing searching space [9] and Region-of-Interest (Rol) encoding [10], which could significantly
reduce the bandwidth consumption and data transmission latency when performing inference at the edge
server. Since trained Al models are usually over-parameterized, researchers have made a lot of efforts on
compression approaches to facilitate model optimizations [11] [12], such as network pruning by keeping
only essential connections and deleting unimportant parameters like connections with fewer weights,
low-rank approximation/matrix factorization by decomposing a matrix into the multiplication of multiple
small-size matrices, knowledge distillation and parameter quantizing by eliminating redundant parameters,
and reducing precision by using lower floating-point numbers. These model compression approaches can
be applied to different AI models or can be composed to optimize a complex Al model to break through
a single method’s bottleneck on some performance improvements.

3) Model Scheduling and Resource Management: Given network resources, Al models, and hardware
support, how to jointly schedule and manage limited network resources and available AI models to meet
diversified performance metrics of Al applications, needs to be carefully considered.

Performance Metrics: Different Al application scenarios have different performance metric require-
ments such as accuracy, latency, energy consumption, reliability, cost, privacy, service revenue, flexibility,
and scalability. For example, a training task usually requires higher computation precision, which directly
influences the Al model’s accuracy, while a security-like and latency-sensitive task (e.g., real-time video
analysis) usually has higher requirements on inference accuracy and latency. When multiple performance
metrics are involved in a decision, a new and urgent problem will arise: accurately identifying complex
interactions and balancing multiple metrics to maximize the comprehensive performance when optimizing
the Al model, determining the best offloading strategy and Al model, and optimizing resources allocation.

Al Model Scheduling: Due to different computing complexity and performance requirements, different

Al models are designed for different application scenarios, such as feature extraction and function
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approximation using fully connected neural network (FCNNs), image recognition using convolution neural
networks (CNNs), machine translation and speech recognition using recurrent neural networks (RNNs).
Even for the same Al algorithm, it will still have different performances because of different network
parameters (e.g., the number of neurons). In this case, we must meet the challenges ahead and make
greater efforts on Al model scheduling and decision. By comprehensively weighing different Al models’
key metrics (e.g., accuracy and latency) and network conditions (e.g., hardware support, network traffic,
and bandwidth), we can determine the best one from the available Al models library. Besides, combining
advanced compression techniques (e.g., parameter quantizing and network pruning), optimal resource
management and task scheduling strategies based on optimization/Al methods can potentially improve
Al performance.

Resource Scheduling and Management: Since edge intelligence for ubiquitous Al seamlessly merges
wireless communications and mobile edge computing, it faces resource allocation problems in different
dimensions, including computation, memory, and communication resources. Compared with the cloud,
resources of the network edge and mobile terminals are relatively fewer. To maximize resource utilization
and optimize computing performance under the constraints of limited resources, tight coordination and
high inter-operability of multi-dimensional resources are essential. Different Al applications have notable
differences in resource requirements due to their respective performance objectives. Therefore, we should
set different resource scheduling rules according to available resources and different quality of service
(QoS) requirements of various Al tasks. Particularly, the resource scheduling criterion emphasizes accu-
racy, parallelism, and data volume for Al training, while the latency, energy efficiency and cost for Al

inference.

III. A CASE STUDY OF ACCELERATING AI INFERENCE

With increasingly diverse service and QoS requirements, it is critical to explore architectures and
designs of Al computing systems to effectively support different service requirements. There are many
limitations for running various Al tasks on mobile terminals, such as limited computing power, memory,
and power. Therefore, it becomes more realistic to explore the diverse service and QoS requirements
and dynamic network environment and then focus on the practical Al deployment in the edge computing
architecture to meet various service requirements, such as accuracy and latency. As shown in Fig. 2, we set
two different real-time Al tasks on two mobile terminals respectively as an example case to illustrate the
edge Al inference architecture with co-acceleration of software orchestration and hardware. In particular,

Task 1 on mobile terminal 1 is an image classification task that needs to be resized before it can be used
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Figure 2. A case architecture of edge Al system.

as the input to the Al model. After Al inference, the confidence scores of multiple predefined classes
can be obtained to identify what is in the image. The confidence score is in the range of O~1 and shows
the probability of a detected object belonging to a predefined class. When the confidence score is greater
than a predefined threshold, the inference result is right, otherwise it is wrong. Task 2 on mobile terminal
2 is an image object localization task and performs similar resizing processing to Task 1 before inputting
the Al model. Unlike Task 1, the inference result for Task 2 shows where the bounding box accurately
contains the object (i.e., the dog). The bounding box can be defined by a point, width, and height, (e.g.,
(x0, y0, width, height)). The edge bounding box (0, 0, 0, 0) accurately covers the dog, while the local
bounding box (0.25, 0, 0, 0) may offset by 0.25 above the X-axis, which indicates that the bounding box
is too far to the right.

Each mobile terminal is equipped with a hardware processor (i.e., CPU), and due to the limited
computing power and battery life, it can only handle lightweight latency-tolerant Al tasks and cannot
guarantee the service latency requirement of many latency-sensitive applications such as augmented
reality and autonomous driving. Therefore, we consider that all mobile terminals transfer their latency-
sensitive Al tasks to the more powerful MEC server and execute the deep learning algorithms there. Since
the server is equipped with multiple parallel hardware accelerators (i.e., multiple GPU), and has more
powerful computing power than mobile terminals, it can simultaneously process multiple large-scale Al
tasks. Hardware acceleration methods, such as designing ASIC chips integrated with Al algorithm and

reducing floating-point numbers, essentially accelerate Al processing by increasing available computing
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power, which usually directly affect the processing latency [13].

When a new Al task arrives, it will first be stored in the task queue, waiting to be processed on the MEC
server. Each mobile terminal starts task offloading only after the local preprocessing has completed, and
starts edge computing only after the task offloading has finished. There are multiple candidate Al models
with different sizes on the MEC server to support a wide variety of QoS requirements (e.g., latency,
accuracy, and energy consumption), where a smaller AI model can reduce the processing latency and
energy consumption at the cost of accuracy, and a larger Al model can increase the accuracy at the cost
of longer processing latency and higher energy consumption [14] [15]. Based on the local controller (e.g.,
Max-Accuracy, Min-Latency, or Max-Ultility) and current network conditions (e.g., network traffic or pre-
configurations/configurations like bandwidth allocation from the resource manager and model manager),
a mobile terminal can choose the appropriate one from available Al models.

To highlight the advantages of the proposed framework, we give some performance comparisons
through simulation. In our simulation, we assume that there are 6 mobile terminals and one BS with an
MEC server distributed within a squared area of 1000 x 1000 m2. The coordinate of the BS is (500m,
500m), and mobile terminals are randomly distributed in this squared zone and associated to the BS. The
total wireless channel bandwidth is set as 20 MHz, and we consider that all mobile terminals offload
their Al tasks via orthogonal frequency division multiplexing channels (OFDMA) without interference to
the MEC server. We consider that the uplink transmission channel is the Rayleigh channel and the noise
power density is -174 dBm/Hz. The transmission power and energy budget of each mobile terminal are
set as 0.3 W and 0.05 J, respectively. The computation capability of each mobile terminal and the MEC
server are set to 1~2 GHz and 14 GHz, respectively. Similar to those in [15], the required CPU cycles
per bit is set as 1000 CPU cycles/bit, and the effective switched capacitance is set as 10728, There are
three Al models deployed on the edge server. Corresponding to each Al model, the original input sizes
are set to 100 x 100, 300 x 300 and 600 x 600 pixels, respectively, and the data size per pixel is set as
24 bits/pixel. Assume that the processing latency of each task is required to be less than or equal to 0.5
.

Al task is latency-sensitive and energy-consuming, generally requiring high learning accuracy. We
use the existing latency and energy consumption model in [15]. According to the existing works [14]
[15], the learning accuracy generally increases with the input model size under a fixed Al architecture,
at the cost of longer processing latency and higher energy consumption. Therefore, a mobile terminal
can obtain different accuracy values by selecting different models with different sizes. To quantify the

accuracy level of the whole system, we define the accuracy performance indicator of the system as the
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ratio of the sum of the desired model decisions to the sum of the model selection decisions. In our
simulations, we focus on minimizing the total service latency of all latency-sensitive Al tasks with the
learning accuracy, task processing latency and energy consumption constraints, by jointly optimizing
the Al model decision, computation resource and communication bandwidth allocation. We evaluate the
performance of the proposed scheme by comparing it with the following schemes:

e Greedy Latency scheme denotes that the Al model and network resource allocation can be decided
by minimizing the latency regardless of the accuracy constraints.

e Greedy Accuracy scheme denotes that the Al model and resource allocations can be decided by
maximizing the accuracy while the energy consumption and latency constraints are ignored.

e Random AI Model Decision scheme denotes that the Al model can be decided randomly for each
mobile terminal while network resources are allocated optimally.

e Equal Resource Allocation scheme denotes that network resources allocated to each mobile terminal
are equal while the Al model is selected optimally.

Figure 3 compares the total service latency, accuracy, and energy consumption between the proposed
scheme and other schemes. It can be seen that under different numbers of mobile terminals, our proposed
scheme always shows better latency and energy consumption performance than Greedy Accuracy, Random
Model Decision, and Equal Resource Allocation schemes. As the number of mobile terminals increases,
the performance gain of our scheme becomes more prominent. Our scheme can achieve lower latency and
energy consumption by jointly optimizing the model decision and computing and communication resource
allocation while ensuring learning accuracy requirement, latency and energy consumption limitations.
From Fig. 3, Greedy Latency scheme has the lowest latency, energy consumption and accuracy, which is
due to the fact that Greedy Latency scheme always chooses the smallest Al models without considering
significant accuracy loss. By contrast, Greedy Accuracy scheme always chooses the largest AI models
for maximum accuracy, thus resulting in the highest processing latency and energy consumption.

Available computing power could be increased through effective hardware acceleration methods, such
as designing ASIC chips integrated with Al algorithm and reducing floating-point numbers [13]. Fig. 4
depicts the total service latency versus available computing power. Intuitively, the service latency reduces
as the available computing power increases. Besides, Fig. 4 shows the total service latency under different
model input sizes and desirable accuracy requirements. ¢1 and ¢2 = {90 x 90,280 x 280,570 x 570}
(pixels) are the original model size set and the optimized model size set after re-designing or optimizing,
such as parameter pruning. It can be seen that the service latency reduces as the model input size reduces.

x = {x1 = 0.67,x2 = 0.75} denotes the desirable accuracy indicator of the system. The larger the x,
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numbers of mobile terminals: a) comparison of total service latency of different schemes; b) comparison of total accuracy of
different schemes; ¢) comparison of total energy consumption of different schemes.
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Figure 4. Total service latency versus different hardware computing power and learning accuracy requirements.

the higher the learning accuracy level of the system, which requires mobile terminals to select larger-size
Al models under the constraints of energy consumption and processing latency to guarantee the learning
accuracy requirements, but it will consume much more computing resources to reduce the service latency.

It can be also seen that, using a series of acceleration solutions including customizing an Al chip

integrated with Al algorithm, optimizing Al model decisions and resource allocation, can further accelerate

Al computing.

IV. CONCLUSIONS AND FUTURE WORK

In this article, we have proposed a low-latency edge Al computing networking framework to promote
the development of edge intelligence, aided by co-acceleration of software orchestration and hardware,
including using advanced and customized Al chips and model optimization methods. We also have shown
the potential benefits of the proposed framework via simulation.

Although recent researches on Al accelerations have made remarkable progresses in many fields, such
as model optimization methods and Al chip designs, some issues are still worth further exploring to realize
edge intelligence. For example, combining multiple AI model optimization methods to break through a
single optimization method’s performance bottleneck can further boost the overall system performance.
However, this may require a thorough understanding of the complex interaction between different opti-
mization methods. Besides, edge intelligence relies on the direct interaction between mobile terminals and

MEC servers through wireless communications, which poses a great challenge to the maintenance and
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management of edge intelligence involving complex wireless communication environments and limited

network resources.
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Figure 1. The edge Al computing framework with co-acceleration of software orchestration and hardware.
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Figure 2. A case architecture of edge Al system.
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Figure 3. Comparison of total service latency, total accuracy and total energy consumption of different schemes under different
numbers of mobile terminals: a) comparison of total service latency of different schemes; b) comparison of total accuracy of
different schemes; ¢) comparison of total energy consumption of different schemes.
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Figure 4. Total service latency versus different hardware computing power and learning accuracy requirements.
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