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Abstract

In recent years, deep learning (DL) models and algorithms have been extensively
used in various applications. Traditionally, DL tasks, including model training and
inference, are usually performed on centralized cloud servers in data centers due to
their powerful and abundant computing resources. However, the computation on
the cloud usually suffers from high communication costs, long response latency, and
privacy concerns. In this case, edge computing was proposed recently to migrate the
computation and services from the remote cloud to the network edge on edge nodes,

closer to the data sources.

However, performing deep learning model training and inference tasks at the edge
is challenging. While the deep learning models are usually computation-intensive
and resource-greedy, the computation resources on edge nodes are constrained, which
may not be able to burden the training and inference tasks. Besides, the data are
usually on geo-distributed edge nodes, which are from different stakeholders and have
heterogeneous networking and computation capabilities. Furthermore, deep learning
tasks have inner characteristics. There are various model training paradigms. Many
hyper-parameters, such as batch size, learning rate, and aggregation frequency, can
affect the model performance. Also, many Al applications involve a set of dependent

DL models, making it more complex.

To address the above problems, this study aims to schedule the Al model training

and inference tasks among heterogeneous edge devices and cloud servers to reduce



latency while preserving accuracy by jointly considering the edge resources and the
characteristics of the deep learning tasks. This thesis makes the following three con-

tributions.

First, design and develop ENTS, an edge-native task scheduling system runtime, to
schedule the deep learning tasks among large-scale, geo-distributed, and heteroge-
neous edge nodes. While existing task scheduling systems for edge computing con-
sider only computation resources, ENTS collaboratively schedules computation and

networking resources while considering both the DL task profile and resource status.

Second, schedule the model training tasks in edge computing to reduce overall train-
ing time. Existing distributed machine learning framework at edge suffers from the
heterogeneous and constrained edge resources. We propose a novel federated learn-
ing framework that adaptively splits and schedules the training tasks among the
heterogeneous edge nodes and the FL server for acceleration without compromising

accuracy.

Third, schedule the inference tasks among edge nodes to achieve low latency and high
system throughput. While existing methods focus on the cloud-edge collaboration,
and seldom consider the collaboration among edge nodes, we develop a collaborative
edge intelligence platform to enable edge nodes to share the data and computation

resources for performing latency-sensitive video analytics tasks.

In summary, this thesis systematically investigates the requirements and solves the
deep learning tasks scheduling problem for achieving high-performance model training
and deployment in edge computing. The proposed framework and solutions address
the challenging issues resulting from constrained and heterogeneous edge resources,
and complexity of DNN model training and inference tasks. We also outline future
directions, including decentralized scheduling framework for edge resources from mul-
tiple stakeholders and general programming models for efficient workload partition of

deep learning tasks.
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Chapter 1

Introduction

This research studies how to enable the high-performance execution of DNN models
and applications in edge computing environment by scheduling and distribute the
computation tasks among geo-distributed and heterogeneous edge nodes and cloud
servers. In this chapter, we first describe the background of deploying DNN models
and applications at the network edge and motivate our research. In Section [I.2]
we introduce the research objective and system structure. Finally, we outline the

organization of this thesis in Section [I.3]

1.1 Background and Motivations

Recent advances in deep learning have driven the development of applications with ad-
vanced analytics services, including computation vision [85] and natural language pro-
cessing [93]. DL tasks, including model training and inference, are usually computation-
extensive and resource-greedy, which are traditionally trained and deployed in the
cloud with the data collected from end devices. Though the cloud-based deep learn-
ing has achieved great success, there are still several drawbacks: 1) long transmission

latency. There is usually a long distance from the end devices to the cloud center,
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which makes it less feasible to support the time-critical applications, such as VR
Gaming [21], autonomous driving [66]. 2) privacy concerns. Since all the data at
end devices will be sent to the cloud, there may be some security issues during the
transmission and cloud storage. 3) high communication cost. Large amount of data
transmission may lead to high bandwidth cost and network traffic. Thus, edge com-
puting was proposed recently to migrate the computation and services from cloud to
the network edge, where DNN models are trained and deployed locally on the edge
nodes (such as bases stations, edge gateways, roadside units, .etc), closer to data

sources.

Due to its great benefits of privacy protection and agile response speed, deep learning
at edge has become the key enabling technology for various time-critical and mission-
critical applications, e.g., real-time edge video analytics, autonomous driving, and in-
telligent manufacturing. However, deep learning at edge is vastly different from that
of cloud. Servers at cloud are usually with powerful computation abilities. However,
edge nodes are with constraint compute capacity, which may not be able perform the
computing intensive and resource-greedy deep learning tasks solely. Hence, collabora-
tive edge computing becomes a promising solution, where geo-distributed edge nodes
and cloud servers collaborate to share computation resources and data to perform

application tasks.

A fundamental problem is to efficiently distribute the deep learning tasks among col-
laborating geo-distributed edge nodes for meeting applications’ performance require-
ments, such as latency, privacy, and throughput. However, it is nontrivial. First,
computation resources of edge nodes and cloud servers are heterogeneous with differ-
ent capabilities. Besides, different from the cloud server in data centers, which are
connected by stable and high-bandwidth networks, edge nodes are usually connected
with low-bandwidth and intermittent network. The scheduling of deep learning tasks
at edge requires joint consideration and optimization of the computation and net-

working resources. Second, data collected from end devices are centralized stored in
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the cloud. However, for distributed deep learning at edge, data distributes in various
devices and may belong to different stakeholders. Such differences make it difficult
to efficiently train and deploy machine learning models at edge. Third, deep learning
tasks have inner characteristics. There are various model training paradigms, such
as federated learning, gossip learning, hierarchical federated learning. Many hyper-
parameters, such as batch size, learning rate, and aggregation frequency, can affect
the model performance. Moreover, many Al applications involve a set of dependent

DL models rather than a single model, making it more complex.

In the following, I sometimes use edge devices to refer to edge nodes. Moreover, the
role of edge devices may change in different environments. For example, in smart
wearable scenario, mobile phones act as edge device compared to smart watches,
as watches may offload computation to phones. However, in mobile edge computing
scenario, base station becomes edge devices, as mobile phones can offload computation
to base stations. We will make clear the definition of edge devices in dedicated research

work.

1.2 Research Objectives and Framework

In this thesis, we aims to study high-performance task scheduling framework, algo-
rithms, and methods to efficiently distribute training and inference tasks among edge
nodes and cloud servers, by jointly considering and optimizing the underlying edge
resources and the characteristics of the deep learning tasks. To achieve the research
objective, I designed a task scheduling system structure for collaborative edge com-
puting. Within the system structure, I developed an edge-native task scheduling
system runtime. Above the runtime, I designed resource-aware scheduling algorithms

for Al training and inference tasks, respectively.

The system structure of collaborative scheduling for deep learning tasks is summa-
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Figure 1.1: System Structure of High-performance Scheduling of Deep Learning Tasks in Collabo-
rative Edge Computing

rized and illustrated in Fig. There are three layers from bottom to top. The
first layer is the edge infrastructure layer, where there are multiple edge nodes with
localized data interconnected with each other via particular networks. In mobile edge
computing, edge devices are MEC servers deployed behind base stations, and they are
interconnected by the cellular back-haul networks. In industrial IoTs, the edge devices
could be smart routers or switches with build-in high performance CPU/GPU cores.
The edge devices are interconnected by wireless mesh network. The middle layer is
edge Al system layer, which we are more focused on. In this layer, we enable edge
devices to share computation resources and collaboratively schedule the training and
inference tasks to reduce the inference latency and accelerate the model training in
heterogeneous and constraint computing and networking resources. More specifically,
we will study collaborative task scheduling system to jointly manage and schedule
the computation and networking resources. Based on the scheduling system, we will
study solutions to schedule model training and inference tasks, respectively. Algo-
rithms and solutions in the middle layer will be used to support various applications

at the top layer, such as real-time video surveillance and industrial IoT.
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1.3 Thesis Organization
The rest of the thesis is organized as follows:

e In chapter 2] we review the literature related to this thesis, including task
scheduling algorithms and systems, DNN model training, and DNN model in-

ference in edge computing scenario.

e In chapter [3] we design and develop an edge-native task scheduling system
to schedule the containerized deep learning tasks among geo-distributed edge
nodes. Existing task scheduling systems are not dedicated for edge computing
and neglect some edge-native features. They are not designed to optimize the
performance-sensitive edge-native applications and lacks joint scheduling of the
computation and networking resources. We hence develop ENTS by extending
Kubernetes with the unique ability to collaboratively schedule computation and
networking resources, which comprehensively considers both DNN task profile
and resource status. We showcase the superior efficacy of ENTS with a case
study on an edge video analytics applications empowered by DNN models. We
mathematically formulate a joint task allocation and flow scheduling problem
that maximizes the job throughput. We design two novel online scheduling
algorithms to optimally decide the task allocation, bandwidth allocation, and

flow routing policies, for maximizing the average application throughput.

e In chapter [ we study the DNN model training task scheduling based on the
scheduling framework. We propose EdgeSplit, a novel FL training framework to
accelerate FL on heterogeneous and resource-constraint edge devices. EdgeSplit
enables model training on low-resource edge devices by partitioning the model
between edge devices and the FL server and leverages heterogeneous computa-
tion capabilities to achieve acceleration. To minimize the overall training time,

we formulate a task scheduling problem to jointly decide the model partition
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point and allocated bandwidth for each edge device. We propose a simple and
efficient alternating algorithm to iteratively optimize the two decision variables

for solving the problem.

e In chapter 5, we study the DNN inference task scheduling at edge. We design
a distributed and collaborative edge intelligence (DCEI) approach for trust-
worthy and real-time video surveillance. In DCEI, geo-distributed edge devices
collaborate by sharing data and computation resources to perform computation-
intensive video analytics tasks. We formulate and solve a joint stream mapping
and task scheduling problem to schedule video streams and machine learning
models among edge devices to reduce task execution time. A pedestrian re-
identification prototype is implemented and deployed based on DCEI with ex-
tensive performance evaluation, indicating the superiority of DCEI in terms
of latency reduction and throughput improvement by leveraging collaboration

among edge devices.

e Chapter [6] concludes this thesis with summarization of the main contents and

our vision of the future research.



Chapter 2

Literature Review

In this chapter, we present the literature review on task scheduling and DNN model

training and inference in edge computing scenario.

2.1 Task scheduling in Edge Computing

This section introduces the work of task scheduling in edge computing from two

aspects, i.e., system and algorithm.

Task Scheduling System. Edge nodes has heterogeneous resource and software
environment. To abstract the heterogeneous edge resources and provide a unified
software environment for distributed task execution, virtualization mechanisms, i.e.,
virtual machine and container, has been proposed and studied for years . Container
technology is highly suitable for edge computing, as it provides lightweight resource
virtualization and enables fast application development and flexible service deploy-
ment over heterogeneous edge nodes. There are several industrial systems to schedule
containerized applications, including Swarm [99], Kubernetes [71], and Mesos [35].
Among them, Kubernetes is the most popular and has established its leadership [10].
The default scheduler of Kubernetes (K8S) [71] is an online scheduler that implements
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a greedy multi-criteria decision-making (MCDM) algorithm. MCDM scores the avail-
able nodes with pre-defined rules and selects the highest scoring node for scheduling.
K8S is originally designed for cloud computing. Recently, there are some works that
aim to tailor K8S to fit the edge computing environment. K3s [51] aims to simplify
K8S and provide lightweight K8S distribution. KubeEdge |114] and OpenYurt extend
the K8S capability to the edge by enabling the virtual network connection between
edge servers and VMs in the cloud. However, those solutions do not change the
core idea of task scheduling of Kubernetes. They are not application performance

sensitive.

Task Scheduling Algorithm. Scheduling in edge computing has some edge-native
features. First, edge applications have service-level-objectives (SLOs) of the perfor-
mance during execution. Traditionally, SLOs in cloud computing, defines measure
capacity guarantee of applications, e.g., available memory to a provisioned VM or
container. However, in edge computing, edge-native applications usually have high
requirements of the service level objectives, such as latency, throughout, and privacy.
Edge computing is promised to provide low latency and real-time response and ser-
vices. Second, data are distributed. Different from cloud server and cloud storage,
edge devices and data are geo-distributed, whose network connections are limited
and dynamic. The data and edge device locality have great influence to the optimal
scheduling. Third, resources on edge node are limited. Many intelligent edge applica-
tions such as object detection and tracing, video analytics are complex and resource
greedy. When deploying those applications at edge, they must be partitioned and de-
ployed on the geo-distributed edge nodes, which leads to frequent communication and
intermediate data transmission over the low-bandwidth edge network. Hence, task
scheduling algorithms in edge computing needs to jointly consider the coupled data,
networking, and computing resources and make optimized task scheduling strategies

to meet edge application SLOs.

Sundar et al. |[100] proposed a heuristic algorithm for scheduling dependent tasks
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in a generic cloud computing system by greedily optimizing the scheduling of each
task subject to its time constraint. Wang et al. [108]| developed a deep reinforcement
learning-based task offloading scheme, which leverages the off-policy reinforcement
learning algorithm with a sequence-to-sequence neural network to capture the task
dependency of applications. Nevertheless, they fail to consider the orchestration of
the network flows [69], which necessarily results in network congestion and prolonged
task completion time. There are some works [89,90] optimizing the average task

completion time and jointly considering the task allocation and flow scheduling.

Due to the complexity of making joint task scheduling decisions, deep reinforcement
learning has recently been applied to solve the scheduling problem. Chen et al. |74]
adopted deep Q-Learning to obtain the offloading strategy in an ultradense network.
However, this algorithm has the long-term cost of delay in computation offloading.
To reduce the longterm delay, Chen et al. [13| proposed a double deep Qnetwork
(DQN)-based strategic computation offloading algorithm. Dinh et al. |1§| focused
on multi-user multi-edge-node task offloading problems using Q-learning in MEC. To
address the problem of high energy consumption, Huang et al. [39] considered the
system computing performance under either partial or binary offloading policy in the
MEC network and proposed a Deep-QQ Network (DQN) based task offloading and

resource allocation algorithm for the MEC.

2.2 Model Training at Edge

A significant problem of edge learning is to train accurate models with the distributed
data on multiple edge devices. Federated learning (FL) is one of the most popular
solutions, which enables collaborative model training among various edge devices
without privacy violation. However, Federated Learning suffers from the straggler
issue. In each training round, the FL server is required to wait for the updated

parameters of all the participants, which may lead to a long time of the model train-
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ing. The straggler issue is mainly caused by the following reasons: 1) Heterogeneous
network connection. The status, i.e., bandwidth and distances of the network links
connecting the edge devices and the server are usually versatile. 2) Heterogeneous
computation capacity. The time of local training may be vastly different due to the
computation capacities of the edge devices. Moreover, some edge devices with limited
memory may not have the ability to burden the training tasks due to the complex-
ity and great footprint requirements of the ML models. Recent work in accelerating
model training at edge can be roughly divided into two categories: algorithm level,

and architecture level.

To improve the communication efficiency, previous works usually focus on reducing
the total amount of transmission bits, e.g., communication compression that com-
presses the communication data exchanged between the worker and servers. Sparsi-
fication [111] [53] and quantization [1] |[94] are the two mainstream for compressing
communication data. Sparsification [63] [101] is a selection method that only a frac-
tion of the gradient is sent by the workers in each iteration. The top-k dimensions
with the largest absolute value are sent by workers in [63]. Stich et al. propose the
sparsified SGD with memory, a family of sparse schemes with both convergence and
practical performance guarantees. In this approach, a concise convergence anslysis
of SGD with k-sparsification or compression is given. Beyond these methods, Dou-
bleSqueeze |101] further proposes sparsifying both the gradients sent from workere
to the server and the model updates sent from the server to the workers. To reduce
the uplink communication costs, the work in [52]| proposed structured and sketched
updates method, and compression techniques were adopted to reduce parameter di-
mension in this work. In [109], gradient selection and adaptive adjustment of learning

rate were used for efficient compression.

Other works also consider accelerating federated learning in practical wireless edge
network. [83| proposed a partial synchronization parallel schema to enable the parallel

model training on the mobile clients in a relay-assisted wireless edge network. They
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aim to optimize the communication efficiency for gradient aggregation and model syn-
chronization among large-scale devices. [86] jointly optimize the batch size selection
and communication resource allocation to accelerate DNN training in wireless feder-
ated edge learning systems. Apart from reducing the size of the transmission, [67] also
adopts momentum gradient descent (MGD) to replace the commonly used stochastic
gradient descent to improve the convergence rate. The author shows that the MGD

can accelerate the convergence rate of the federated model training.

Model splitting is one of the representative architecture-level methods. Splitting
learning [27| partitions the deep neural network into two parts, where the shallow
part is trained on the client and the deep part is trained on the server. Such schema
can leverage the heterogeneous computing capacity of the clients and server to reduce
the model training time. However, the training is performed in a sequential man-
ner. JointDNN [22] exploits the layer granularity of DNN architecture for run-time
partitioning in edge-cloud environment. Recently, [105] integrates splitting learning
and federated learning to support parallel and distributed model training. But they
do not consider how to split the model for faster convergence and they do not con-
sider the network model in practical federated learning system. Though, these works
leverage the model splitting to handle the device heterogeneity for model training ac-
celeration, they did not consider how to split the neural network models with respect

to the heterogeneous computation and communication resources.

2.3 Model Inference at Edge

The objective of model inference at edge is to accelerate the inference with satis-
fied accuracy. Generally speaking, large and complex neural network models always
show good performance than shallow models due to the powerful representation abil-
ity. However, complex neural networks are always resource-greedy and computation-

intensive. It’s challenging to deploy the complex AI models on resource-constraint
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edge devices. To tackle the problem, several existing methods are proposed, e.g.,
model compression [16, 30,36, 37,42,84, 95|, model partition [50,59,/132,(134], and
model early exit [58,102}[103|, to reduce the complexity of the model executed on the

edge devices.

Han et al. [30] learn important weights and connections in the neural network. They
prune those redundant connections to get concise model based on the fact that many
weights are closer to zero. [84] use weight quantization to represent the weights with
only a few bits so that the size of stored weights can be reduced. Different from
the aforementioned model-level work, [95] leverage knowledge-level distillation [36] to
train a small DNN, which imitate a larger and powerful DNN but with less complex
model structure and parameters. Model partition tries to utilize the heterogeneous
computing capacity among edge devices and cloud server to accelerate the model
inference. Generally, it split the model into two parts with the shallow part running
on the edge device and the deep part executing on the cloud. There are generally two
kinds of partition, horizontal partition and vertical partition. The horizontal partition
[50] splits the neural network model in a layer-wise with the output of the former
layers transmitted to the cloud for the execution of the latter layers. The selection
point depends on both the model characteristics and the dynamic factors, such as
computing capacity of the edge device, wireless network conditions. The vertical
partition tries to explore the inference parallelism by distribute the computation tasks
into several parts which can run simultaneously [134]. Model early exit leverage the
trade-off between the model accuracy and the processing delay. Generally, a deeper
model with more layers learns informative feature representations and output results
with higher confidence. However, As DNNs grow larger and deeper, the computation
costs become unaffordable for edge devices to run real-time and energy-sensitive DL
applications. In this case, model early exit inserts some branches at the exit point of
the neural network model. If the confidence at a exit point is higher than a threshold,

the model will not execute the rest part and exit from the inserted branches. Li
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et al. [58] proposed a three-stage end-edge co-inference framework to automatically
and intelligently selects the best partition point and exit point of a DNN model to
maximize the accuracy while satisfying the requirement on the execution latency.
They first train a regression model to predict the performance of different types of
DNN layer and train the branch network in the offline training stage. At the online
optimization stage, a DNN optimizer selects the best partition point and early-exit
point of DNNs to maximize the accuracy while providing performance guarantee
on the end-to-end latency. Finally, at the co-inference stage, the edge server will
execute the layer before the partition point and the rest will run on the mobile device.
Compared to directly offloading DL computations to the cloud, this approach has
lower communication costs and can achieve higher inference accuracy then those of

the pruned or quantized DL models on edge devices.

Though the proposed method has largely reduce the complexity of the AI models,
Few of them consider the run-time dynamics, e.g., the variation of the communication
bandwidth and computation resources of the edge devices. Constraint and dynamic
resources are key characteristics of the edge devices, which affects the run-time perfor-
mance of the model inference a lot. For instance, the fluctuations on communication
bandwidth between edge and cloud may make the workload offloading strategy sub-
optimal, incurring additional inference delay. The changes of data characteristics,
e.g., switching from bright scene to dark scene for an image object detector, will
cause dynamic end-to-end delays for the model early exit method since the inference

path may exit at different branches.

Extending the static model inference acceleration methods, several efforts [23,24,/65,
133] proposed dynamic neural networks that allow selective execution to improve DNN
compute efficiency. NestDNN [24] considers multi-tenant DL models running on an
edge device, which leads to dynamic resource competition. With the model pruning
and recovery scheme, it transforms the DL model into a set of descendant models,

in which the descendant model with fewer resource requirements shares its model
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parameters with the descendant model requiring more resources, making itself nested
inside the descendent model requiring more resources without taking extra memory
space. In this way, the multi-capacity model provides variable resource-accuracy
trade-off with a compact memory footprint, hence ensuring efficient multi-tenant
DL on the resource-constrain edge device. D2NN [65] optimizes dynamic resource-
accuracy trade-offs, while its complicated network structure incurs significant memory
overhead, making it ill-suited for resource-constrained platforms. Existing approaches
usually requires careful consideration of model architecture and the optimization of a
large set of model parameters, e.g., the model partition point in workload offloading
mechanism and compression level in model compression. Such optimization usually
leads to high computation overhead, which makes them less feasible to the online
manner. To tackle the problem, EdgeML [133] leverage AutoML [25,118| to automate
the decision making in model partition and model early exit for achieving desirable
latency-accuracy-energy trade-off under dynamic run-time conditions. They train
a reinforcement learning model [75] offline with the profiled branch insertion and
model partition points, as well as the response time and the energy consumption. On
the online inference stage, the reinforcement learning model dynamically control the
model execution, i.e., determining the partition and exit points, to fit the run-time

dynamics.

Though the above work considers some characteristics of the run-time dynamics, most
of them only consider the edge-cloud collaboration, e.g., offloading the computation
tasks to the cloud servers. They neglect the edge-edge collaboration, where multiple
edge devices can collaborate with each other by sharing both data and computation
resources. Edge-edge collaboration can reduce the data transmission latency and
avoid the privacy violation in some degree. It leaves an open research area to jointly
consider the computation, data, and networking resources among multiple edge de-

vices.
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Edge-native Task Scheduling System

In this chapter, we design and develop an edge-native task scheduling system for
collaborative edge computing. This chapter is organized as follows. We present an
overview of this work in Section [3.1] Section provides further motivation for our
work by discussing the significance of collaborative task scheduling, which jointly
orchestrates the coupled edge resources. Section overviews the design goals and
main components of the system. Section [3.4] presents the design details. In Section[3.5]
we formulate the collaborative task scheduling problem and propose online solutions
for a video analytics application. Section shows the evaluation results. Finally,
Section [5.6] concludes this chapter.

3.1 Overview

Collaborative edge computing (CEC) is a popular and new edge computing paradigm
enabling sharing of data, computation, and networking resources among geo-distributed
and heterogeneous edge nodes, including edge servers, edge gateways, and mobile
phones [126]. CEC is promising and beneficial because it provides higher reliability

and lower latency and facilitates collaboration among different stakeholders [78§].
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Task scheduling is a fundamental problem of collaborative edge computing, which
refers to the arrangement of the user-generated application tasks to the heterogeneous
edge nodes by deciding when, where, and how to offload the tasks and how to manage
and utilize the underlying computation, storage, and networking resources [72|. Many
works have investigated the task scheduling problems in collaborative edge comput-
ing |74]. Recently, there has been a trend of scheduling containerized application
workloads among the geo-distributed and heterogeneous edge infrastructure |122].
This is because the container technology provides lightweight resource virtualization
and enables fast application development and flexible service deployment over het-

erogeneous edge nodes.

There are several solutions to orchestrate containerized applications, such as Swarm
[99], Kubernetes [71], and Mesos [35]. Among them, Kubernetes has established its
leadership [10]. Many works have studied optimizing the Kubernetes scheduler for the
cloud environment, where cloud servers with abundant computation resources are in-
terconnected with a high-bandwidth and stable network in a data center |9]. However,
Kubernetes is designed not dedicated to edge computing, neglects the unique features

of edge nativeness, and lacks adequate support for edge-native applications [31].

First, edge-native applications are usually performance-aware, demanding high through-
put, low latency, and strict privacy. The Kubernetes scheduler is mainly designed to
ensure resource provision of workloads, such as the capacity of requested memory and
CPU cores. It lacks support to meet the performance requirements of edge-native
applications. Second, edge-native applications are with inner dependencies. Many
intelligent edge applications are resource-greedy and complex, consisting of lots of
inter-dependent components which are usually deployed to multiple edge nodes con-
sidering the constraint resource of a single node. However, the Kubernetes scheduler
fails to consider the application’s inner structure. Third, the data, computation,
and networking resources are heterogeneous and coupled with each other. Applica-

tion deployed on heterogeneous edge nodes experiences distinct performance, and the

16



3.1. Overview

coupled resources require joint orchestration. However, Kubernetes concentrates on
orchestrating computation resources without jointly considering the data locality and
networking resources, which may lead to underutilized resources and poor perfor-
mance of workloads. Though some works [88] [112]| consider the inner dependencies
of workloads and the computation resources among edge nodes for optimizing the
application performance, they fail to consider the data locality and resource hetero-

geneity.

In this chapter, we designed and developed ENTS, the first edge-native task schedul-
ing system, to manage the geo-distributed and heterogeneous resources of edge in-
frastructures and enable efficient task scheduling among distributed edge nodes to
optimize application performance. ENTS is developed based on Kubernetes, allowing
Kubernetes to collaboratively schedule computation and networking resources con-
sidering both job profile and resource status. Specifically, to parse the inner depen-
dencies of the user-submitted jobs, we adopt a data flow programming model, where
each task in a job is programmed as a functional module. A profiler is designed to
profile the job’s execution time on heterogeneous edge nodes. The job profile infor-
mation will later be used to facilitate efficient task scheduling. We also developed a
network manager to manage the networking resources, which collaborates with the
Kubernetes original components to jointly orchestrate the coupled resources under
the coordination of a newly designed collaborative online scheduler. The scheduler
runs the intelligent scheduling algorithms to generate the task scheduling policies to

optimize the application performance.

To showcase the efficacy of ENTS, we formulate a joint task allocation and flow
scheduling problem for data streaming applications as a case study. The problem is
a mixed integrated non-linear problem proven to be NP-hard [69]. We design two
online algorithms to solve the problem, which decides how to partition the job, where
to allocate the tasks, and how to allocate the routing path and bandwidth for in-
termediate data flow to optimize the average job throughput. The efficacy of the
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proposed system is illustrated by developing a real-world testbed for a representative
edge video analytics application, namely, object attribute recognition. We develop a
real-world hybrid testbed with both physical and virtual edge nodes to evaluate the
system even in large scale. Online jobs will continuously arrive and be partitioned
and scheduled among the edge nodes. We have comprehensively evaluated the per-
formance of the designed system by comparing it with the state-of-the-art regarding
different metrics, including average job throughput and average waiting time. The
evaluation results show that our edge-native task scheduling approach improves the

performance significantly.

The main contributions of this work are as follows:

e We design and develop ENTS to manage the data, computation, and network-
ing resources in the heterogeneous geo-distributed edge infrastructure. ENTS
is the first work to jointly manage coupled edge resources for optimizing the

performance of edge-native applications.

e We formulate a joint task allocation and flow scheduling problem for data
streaming applications and propose two online algorithms to solve the prob-

lem.

e We evaluate the performance of proposed solutions in a real-world testbed with
a video analytics application. The experimental results indicate the superiority
of ENTS over the baseline approaches in terms of higher job throughput and

lower latency.

3.2 Background and Motivations

In this section, we introduce some background knowledge of the Kubernetes scheduler

and illustrate the motivations for designing ENTS through some concise examples.
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Figure 3.1: Components of Kubernetes System

3.2.1 Kubernetes Scheduler

Fig. depicts the components of Kubernetes with a master-client architecture.
There is at least one centralized master managing resources and scheduling container-
ized workloads across multiple worker nodes (clients). The pod is the basic unit of
Kubernetes to schedule the workload. A pod can contain one or more containers.
There are mainly four components in the master node. The API server is an entry
point to manage the whole cluster, providing services via Restful APIs. Components
communicate and interact with each other through the API server. Etcd is a key-
value pair distributed database that records the cluster status, such as node resource
availability, location, states, and namespace. The scheduler is responsible for schedul-
ing pods. It parses the operational requirements of pods and binds a pod to the best
fit node. The controller manager is responsible for monitoring the overall state of the
cluster. It launches a daemon running in a continuous loop and is responsible for col-
lecting cluster information. Kubelet is the node agent in the clients. It is responsible

for reporting events and resource usage and managing containers.

When scheduling user-submitted workloads, the scheduler first takes a pod pending
to be scheduled from the etcd database and then binds the pod to the corresponding
client node according to the pre-defined scheduling policies. The scheduling policy
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is sent to Kubelet on the client nodes via the API server. After receiving the poli-
cies, Kubelet lunches the pods and monitors the pods’ execution status. Kubernetes
scheduler adopts a multi-criteria decision-making algorithm in two stages. The first
stage is node filtering, where the scheduler will select candidate nodes capable of run-
ning the pods by applying a set of filters, such as memory and storage availability.
Those filters are also known as predicates. The second stage is node scoring. It scores
all the candidates based on one or more strategies, such as LeastRequestedPriority,
which allocates pods to the nodes with the least computation resource consumption,
and BanlancedResourceAllocation, which balances the resource consumption among
edge nodes. Those strategies are known as priorities. The scheduler will allocate a

pod to the node with the highest score.

3.2.2 A Motivating Example

As shown in Fig. this section presents a motivating example articulating the
benefits of collaborative task scheduling, which jointly considers the coupled data,
computation, and networking resources in edge computing scenarios. The problem is
to allocate the application with dependent tasks, shown in Fig. (a), to a set of edge
nodes, shown in Fig. [3.2(b), such that the job throughput is maximized. Fig. [3.2]a)
shows the task graph of the job modeled as a directed acyclic graph. There are 6
tasks in the job, and the weight of the link between tasks indicates the volume of the
dependent data. Fig. (a) also shows the memory demand and workload of each
task. We assume that the total memory demand and workload are the sum of tasks,
i.e., 11 and 55, respectively. Note that the job is a streaming application, where
input data continuously arrives from the source, i.e., edge node e4. The amount of
the input data is 5. In Fig. 3.2(b), there are 5 edge nodes {el,e2, e,e4,e5}. The
weight of the link between the edge nodes indicates the bandwidth. Similarly, the
table in Fig. (b) shows the available memory and computing power of the edge

nodes in the network.
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Figure 3.2: A Motivating Example of Collaborative Task Scheduling

Fig. [3.2(c) shows the job allocation strategy without task partition, where the job
is scheduled to node el and the input data is transmitted from the source node
ed to el indicated by data flow fs,, whose allocated bandwidth is 10 and routing
path is e4 — €2 — el. The throughput is calculated by 1/ max{5/10,55/200} = 2.
Strategy in Fig.[3.2(c) is known as LeastRequestPriority, which are extensively used
in Kubernetes. Differently, Fig. [3.2(d) partition the job, where task a is allocated to
source node e4 and the rest tasks are allocated to node el. Hence there are two data
flows indicated by f,. and f,;, with the same routing path e4 — e2 — el. By default,
two data flows equally share the bandwidth of link < e2,e4 >. The throughput of the
job using this strategy is 2.5, which is better than strategy in Fig. [3.2(c) as the raw
data transmission in (c) becomes the bottleneck. Further, Fig. |3.2{e) improves (d)
with the throughput 3.3 due to the optimized bandwidth sharing policy, where the
bandwidths allocated to flow f,. and f,;, are proportional to the amount of dependent
data. Fig. [3.2(f) shows a throughput of 4 with customized routing policy, where the
flow f,. selects the routing path e4 — e2 — el with the allocated bandwidth 10 and
the flow f,;, selects the path e4 — e3 — el with the allocated bandwidth 6.

From the above examples, we can see that joint consideration of the coupled resources
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by optimizing the task allocation strategies, the bandwidth allocation, and flow rout-
ing policies can improve the application performance. In the rest of this section, we
build ENTS system to orchestrate coupled edge resources and design optimal collab-
orative task scheduling algorithms by jointly considering the data, computing, and

networking resources of the geo-distributed edge nodes.

3.3 System Overview

This section gives an overview of the design goals and the system components. ENTS
is designed based on Kubernetes to manage the resources and schedule the workloads
over the geo-distributed, large-scale, and heterogeneous edge environment. It has two
main objectives: 1) Jointly manage and orchestrate the coupled and distributed data,
computation, and networking resources; 2) Enable effective distributed task execution

to achieve better performance of applications.

3.3.1 Design Goals

The design of ENTS obeys the principles as follows.

e Scalability. The system can be scaled to a large number of devices and services

retaining its high performance.

e Collaboration. The different edge nodes can collaborate to manage the dis-
tributed and heterogeneous resource regarding data, computation, and network-

ing.

e Universality. The system supports execution of various kinds of tasks and work-

loads.
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Figure 3.3: Architecture of the ENTS System

3.3.2 System Architecture

In Fig. 5.0, we show a birds-eye view of ENTS’s system architecture and functional
workflow. The system adopts the server-client architecture and is built based on Ku-
bernetes with a master node to manage the distributed resources and schedule the
tasks among edge nodes. Kubernetes components are used to manage the compu-
tation and storage resources of edge nodes. However, Kubernetes lacks support to
profile the job’s inner-dependency and execution time on heterogeneous edge nodes
and orchestrate networking resources. Hence, we develop new components to enhance
the ability of Kubernetes to orchestrate coupled resources considering the job profile.
The system follows the principles of service-oriented architecture, where functions of

the components are developed as services and can be called with APIs.

The components of the system are listed below.

e Profiler parses the input job and profiles the execution time of tasks on het-
erogeneous edge nodes. The job profile will be used to support intelligent task

scheduling.
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e Scheduler accesses the system information, such as CPU and GPU usage, net-
work conditions, and job profile. On this basis, it generates the policies of task

execution and resource allocation that optimizes job performance.

e Compute controller manages the computation and storage resources at the edge
nodes. It leverages the Kubernetes components API server and controller man-

ager to orchestrate the computation resources.

e Network controller and manager manage the networking resources of edge nodes,

such as bandwidth allocation, routing and forwarding of data flows.

e Messenger handles the message between the edge node and the master. We
extend the messaging of Kubernetes between the master and clients because it

lacks support for orchestrating network resources.

e Kubelet manages pods, containers, and data volumes. It is Kubernetes original

component, whose primary responsibility is for task execution.

o MetaManager is responsible for monitoring and storing device status and ap-
plication status. Specifically, the device and task monitors are responsible for
storing and retrieving metadata (device status and task execution status) to
and from a lightweight database. Such information will be sent to the master

node for supporting task scheduling.

ENTS is based on Kubernetes and reuses the key components of Kubernetes. It equips
Kubernetes with the ability to jointly orchestrate the networking and computation
resources to optimize the performance of edge-native applications. The general work-
flow of the system is described as follows. The profiler first parses the user-submitted
job and profiles the execution time of each task of the job on heterogeneous edge
nodes. The job profile information, including the inter-dependencies of tasks and
task execution time, will be used for later decision-making of task scheduling. The

scheduler generates the task execution policies by jointly considering the job profile
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information, the data locality, available computation and networking resources of the
edge nodes. Specifically, the policies decide which node to allocate tasks, the band-
width allocation and the routing path of dataflows. The policies will be managed by
the network controller and the compute controller together, and then be executed by
the Kubelet and the network manager on the client nodes. The run-time character-
istics of tasks and the nodes’ status will be sent back to the controller in the master

and used for later task scheduling.

3.4 System Design

This section illustrates the details of the ENTS system workflow, including job pro-

filing, collaborative task scheduling, and distributed task execution.

3.4.1 Application Development and Profiling

To easily parse the user-submitted job and facilitate efficient distributed task execu-
tion, we adopt the data flow programming model [48|, where each task in a job is
programmed as a function module. Tasks are loosely coupled with intermediate data
transmission. Note that many modern applications are modeled in such a way. Those
applications are complex in nature, structured on microservices architecture style,
consisting of a large number of inter-dependent and loosely coupled modules. Be-
sides, to support various kinds of workloads, the programming model is non-intrusive
to the user programming language. As shown in Fig. we only require developers
to declare the tasks in the submitted job without intruding on the main functions of
the applications. Users can use any programming language to implement their appli-
cations. Compared with those programming models, which require users to learn lots
of pre-defined operations, such as Hadoop, Spark, and Flink, ENTS is easier to learn

and use.
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# Start definition of tasks
def task_O(input):
# User code here ...
return True, output

def task_1(input):
# User code here ...
return True, output

1

2

3

4

5

6

7

8

9

10 def task_2(input):
11 # User code here ...
12 return True, output
13

14 def task_3(input):
15 # User code here ...
16 return True, output
17
18
19

# Export functions as job
job = [task_0, task_1, task_2, task_3]

Figure 3.4: Code Snippet of User Application

Users are required to submit the job configuration so that the system can profile the
job and perform efficient task scheduling. As shown in Fig. [3.5] the configuration
explicitly defines the data source, dependencies among the tasks, and the resource
demand of each task. Particularly, the job consists of 4 tasks. The first task task0
demands 2GB memory and has subsequent tasks taskl and task2. After the user
submits the job configuration, ENTS will start the profiling. The objective of job
profiling is to estimate the running time of each task of the submitted job on het-
erogeneous edge nodes, which will then be used to support the collaborative task
scheduling. Since it may take much time to profile the job, depending on the com-
plexity of the job, we do the profiling offline. Specifically, the profiler will send the job
configuration to the edge nodes that meet the resource requirements of the job. Each
edge node will profile the job by executing the tasks under the requested resource and
send the job profile information back to the scheduler. Offline profiling is reasonable
for those long-running jobs, such as video analytics [128] and virtual reality [130].

Other methods can be used to measure the computing capability of edge nodes and
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estimate the workload of the application in advance, which is more suitable for online

application profiling [55] [80]. We will study them in the future and incorporate the

mechanisms into ENTS.
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{

job: "test",

image: "userid/ents:ubuntu",
total_memory_request: "4GB",
source: "",
input_size: "10"

1,

{
id: "taskO",
downstream: "['taskl', 'task2']"
memory_resource: "2GRB"

!,

{
id: "taskl",
downstream: "['task3']",
memory_resource: "2GRB"

!,

{
id: "task2",
downstream: " ['task3']",
memory_resource: "2GRB"

),

{
id: "task3",
downstream: "'",
memory_resource: "2GB"

}

Figure 3.5: Code Snippet of Application Configuration

3.4.2 Collaborative Task Scheduling

After a job is profiled, it will be added to a Job Queue and pending to be sched-

uled, as shown in Fig. [3.6] The job-related information, including task dependencies

and requested resources, the available computation resource of edge nodes, and the

status of the network will be sent to the scheduler to support the collaborative task

scheduling decisions. We will elaborate on the scheduling algorithms in Sec. |3.5|
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Figure 3.6: ENTS Task Scheduling Workflow

The scheduler generates the collaborative task scheduling strategy, which decides
where to allocate each task, how much the allocated bandwidth is, and the routing
path together with the communication port for each data flow. As shown in Fig. [3.7,
the job shown in Fig. [3.5] is partitioned into 3 tasks, where task(0 and taskl are
allocated to edge nodes el and e2, respectively. Task2 and task3 are both allocated
to e3. The bandwidth of data flow fy; and fys is restricted to 15Mbps and 10Mbps,
respectively. The source node port and destination port of flow fy; are set to be 8089

and 8090, respectively. The routing path of flow fi3 is determined as {e2, e3, ed}.

Once the task scheduling strategy has been determined, they will be maintained by
the compute controller and network controller, respectively, and sent to the edge
nodes for execution. Specifically, the computation resource-related strategies, such
as where to allocate the task and how many resources are assigned to the task,
will be managed by Computer Controller, which interacts with the Kubelet on edge
nodes to ensure the start, status monitoring, and stop of the containerized task. The
networking resource-related strategies, such as port, bandwidth, and routing path of
data flow, are managed by the network controller, which interacts with the network
manager on edge nodes to ensure the communication and data transmission among
edge nodes. The two controllers jointly manage the edge resources and ensure the
correct execution of the collaborative task scheduling strategies with the coordination

of the scheduler.
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L

2 job_name: "test",

3 tasks: {

4 task_1: {

5 task_id: "0",

6 source_node: "edge_1",

7 source_node_port: "8089",

8 previous_node: "",

9 next_node: "edge_2 edge_3",
10 next_node_ports: "8090 8091",
11 bandwidth: "15Mbps 10Mbps",
12 routing: ""},

13 task_2: {

14 task_id: "1",

15 source_node: "edge_2",

16 source_node_port: "8090",
17 previous_node: "edge_1",

18 next_node: "edge_3",

19 next_node_ports: "8092",
20 bandwidth: "10Mbps",
21 routing: "edge_2 edge_4 edge_3"},
22 task_3: {
23 task_id: "2 3",
24 source_node: "edge_3",

25 source_node_port: "8091",
26 previous_node: "edge_1 edge_2",
27 next_node: "",

28 next_node_ports: "",

29 bandwidth: "",

30 routing: ""},

31 }

32 1}

Figure 3.7: Collaborative Task Scheduling Strategy

3.4.3 Distributed Task Execution

When the messenger receives the task execution policy, it will decompose the policies
into computation-related and networking-related policies. The computation-related
policies will be forwarded to and maintained by the Kubelet, while the networking-
related ones will be forwarded to and maintained by the network manager. Kubeetl
and network manager work together to ensure the proper execution of the assigned

task.

One important role of the network manager is to manage and orchestrate the network-
ing resources. In this work, we are mainly concerned with the bandwidth allocation
and customized routing of the cross-node data flows. For cross-node communica-

tion, Kubernetes usually adopts a flannel network [20]. As shown in Fig. a data
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Figure 3.8: Bandwidth Allocation and Customized Routing of Network Manager

package from Podl to Pod3 will first be forward to docker0 and then to the flannel
interface. The package will go through eth on edge node A and be sent to edge node
B, where a reverse process will be performed to analyze the Internal IP of the package
and route the package to the destination, i.e., Pod 3. To achieve the bandwidth allo-
cation and customized routing of data flow, for each data flow in a scheduled job, the
network manager will specify the {source ip, source ip port, bandwidth_limit, des-
tination_ip, destination_ip port}, as shown in Fig. 3.7, Through this information,

the network manager leverages the Linux kernel functions, i.e., Traffic Control and
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Iproute [40], to shape the bandwidth between two edge nodes and customize routing
for data packages. Traffic control creates Classful Queuing Disciplines (qdisc) to filter
and redirect network packages to a particular quality-of-service queue before sending
them out. The network manager also maintains the routing table of each assigned
task. As shown in Fig.[3.8] the data package going through port 8009 from edge node
1 will be forwarded to another edge node rather than go directly to the destination,
i.e., edge node 2. Also, the bandwidth of data flow from Podl of edge node 1 will be
shaped to 3Mbps.

After the network configuration takes effect, the kublet will launch the pod according
to the assigned computation-related policies, such as CPU and memory requests.
The device monitor and task monitor will consistently and continuously monitor the

status of the devices and the task.

3.5 Collaborative Task Scheduling with Data Stream-

ing Applications

In this section, we showcase the collaborative task scheduling of ENTS with represen-
tative data streaming applications, namely edge video analytics. We first introduce
the system model. Then, we formulate a joint task allocation and flow scheduling
problem for a single job scheduling and illustrate the proposed algorithms. On this
basis, we further propose two online scheduling algorithms to schedule multiple con-

tinuous arriving jobs to maximize the average job throughput.

3.5.1 System Model.

Edge video analytics [128] [119] [127] is a killer application of edge computing. The

network and application model used in formulating the problem is described as follows.
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Network Model. The communication network is a mesh network of edge nodes
connected using a multi-hop path. The network is modelled as an undirected graph
G = (V,E), where V is the set of edge nodes, V = {j|1 <j < M}, and E is the set
of links connecting different edge nodes, £ = {l,,|u,v € V'}. Here, M is the total
number of edge nodes. The computing capacity, maximum resource and available
resource of edge node j is PS;, RZ, . and waail, respectively. The bandwidth of link
[ is represented by B;. The network can be heterogeneous in terms of the computation

capacity of edge nodes and link bandwidth.

Application Model There will be multiple jobs submitted to the ENTS system by
the edge nodes. Each job is modeled as a directed acyclic graph J = (7T, P), where
T is a set of dependent tasks and P represents the set of dependencies between the
tasks in the job. Pd; denotes the predecessor tasks of task T;. The computation
workload and resource demand of task j is C; and R{eq. The amount of dependent

data between task j and task ¢ is D; ;. The input data source of job J is assumed to

be located at an edge node sy|s; € V.

3.5.2 Problem Formulation

The objective of the single job scheduling is to maximize the throughput of the job
by deciding where to allocate each task of the job, the routing path and bandwidth
allocation of each data flow caused by the intermediate data transmission. If two
dependent tasks are allocated to the same edge node, there will be no intermediate
data transmission and thus no data flow. The joint task allocation and flow scheduling

problem denoted as P; is formulated as follows.

e {rp - 1) "

P

tp = max {rglEaTX(tZompL e di(téﬁmm)} (3.2)
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_ C.
t = X, .
comp 7 PSu (3 3)
i xu. xe. D j € Pd; (3.4)
comm 1 J Bluﬂ, ) ?
X* € {0,1}, Vi, u (3.5)

Eq. indicates the computation time of task ¢, where X is a binary variable. X}
equals to 1 if task ¢ is allocated to edge node u, otherwise X;* equals to 0. Eq.
shows the transmission time of the intermediate data between dependent task i and
7. The throughput is TP = %, where ¢, is constraint by the maximum transmission
and computation time as indicated by Eq. 3.2} Py is a mixed Integrated Non-linear
problem (MINLP), which is proven to be NP-hard in literature.

3.5.3 Proposed Solution

To solve the problem P, we decompose it into two sub-problems, i.e., allocate each
task of the job P, and decide the routing path and bandwidth allocation of all the
data flows P3;. To solve P, we use a greedy algorithm to allocate each task to the
edge node, which can provide the least execution time, including the computation
time and the dependent data transmission time. To solve P;, we first relax it into
a convex problem, which can be solved by convex optimizers, and then derive the

solution for Ps.

Solving Problem P,. The algorithm to solve P, is shown in Algo. For each
task in the job, the algorithm traverses all the edge nodes with satisfied resource
capacity and allocates the task to the edge node with the minimum execution time,
including both computation time and intermediate data transmission time (Line 3-
13). For calculating ¢%7 = we set the bandwidth between two edge nodes as the

average bandwidth of all routing links. This is reasonable because the intermediate

data flow can have multiple choices to avoid network congestion. Later, we will adjust
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the allocated bandwidth and the routing path of the data flows in a more fine-grained

way in problem Ps.

Algorithm 1: Task Allocation

Input: network G = (V| E), job J = (T, P),

Output: the task allocation policy T; ;, the data flows F'L
Initialize T; ; <= 0 for all 1, j;

Query the available resource R; of all edge nodes;

for task T; in job J = (T, P) do

for edge node j in network G = (V, E) do

if R .., > R, then

Calculate the computation time t,,,, = C; + PSj;

. . . . . Z _ 7:7]
Calculate the intermediate data transmission time ¢! =~ = maxty/

using Eq. (4);

Calculate the execution time #/,.. = t1,,. + t],0;

end

end
Allocate task T; to node j* = minj{tgzec};

Tije < 15

Update R;. for node j*;

end
Calculate data flow f; =< source, destination, datasize > with T; ;;
Add f; to data flows F'L;

return 7; ;, F'L

Solving Problem Pj;. After solving P,, we get the data flows FL, where we can
know the number of data flows N f, the source, destination, and data volume of each
data flow f;. We then solve P; to decide the routing path and bandwidth allocation

of each data flow. The P; is formulated as follows.
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: Vi
min _max {b—z} (3.6)

DY bk < BV (3.7)

i kdePF
doyi=1, Vi (3.8)
k

yi € {0,1}, Vi, k (3.9)

where V; is the size of flow f; and b; is the bandwidth allocated to flow f;. Pf is the
collection of all the possible routing paths of flow f;. y¥ is a binary variable. y¥ equals
to 1 if flow f; chooses the k' routing path of PF. Note that Eq. indicates that
the sum of allocated bandwidth of all data flows going through link [ cannot exceed
its capacity. Eq. and Eq. ensure that a data flow can only choose one routing
path.

The problem P is still a MINLP problem. Therefore, we resort to relaxing the integer
variable y* to a real variable y* > 0. We name the relaxed problem P; — RELAX.
Due to the existence of term b; - y¥, the P3 — RELAX problem is still a non-linear
programming problem which is hard to solve. In the following, we transform the

P3; — RELAX problem into an equivalent convex optimization problem.

An Equivalent Convex Problem. First, we introduce an variable T'H such that
TH = _max ; {Z—Z} Furthermore, we introduce another variable ¢; such that ¢; =
TH - b;, and variable m¥ = ¢; - y¥. Then, the equivalent problem P; — RELAX-CVX is

formulated below.

min TH (3.10)

> Y mf<B-THVI (3.11)

i klePF
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> mf=q, Vi (3.12)

k
mF > 0,Vi, k (3.13)
¢ =V, Vi (3.14)

All constraint in the P; — RELAX-CVX is affine, and the objective function is convex.
Therefore, the P; — RELAX-CVX problem is a convex optimization problem which

can be solved using convex optimizers [§].

However, since we relax the binary integer constraint, the solution may be that some
y¥ are decimal factions. To solve the problem, we route the i data flow to a path
k* such that m* = max;, m¥. When the routing path is determined, the optimal
bandwidth allocation policies is given by

Vi .
b! = min : - e,lepf (3.15)
{ > Zk:lepf* Viy; }

The algorithm to solve P3 is shown in Algo. [2|

3.5.4 Online Scheduling

Algo. (1] and Algo. [2| study the task scheduling for one job. However, in a practical
ENTS system, jobs constantly arrive and share the resource in the network. Our
goal is to maximize the average job throughput. Motivated by this, we propose two
online scheduling algorithms, which run in the EN'T'S online scheduler and periodically

schedule all arrived jobs.

The online scheduler maintains two job queues: 1) a queue of jobs that are running,
denoted by Q,.., and 2) a queue of jobs that are waiting to be scheduled, denoted
by Quait- The two online scheduling algorithms are: 1) schedule the job in Qi one
by one, and 2) schedule the job in Q. one by one but readjust the routing and
bandwidth sharing strategy by considering all the existing and coming data flows in

the edge network.
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Algorithm 2: Joint Routing and Bandwidth Allocation (JRBA)

Input: network G = (V| E), data flows F'L,
Output: the routing policy y¥, the bandwidth allocation policy b;, and job
throughput JT H
Solve P; — RELAX-CVX and get {T™, ¢, mt" };
for flow f; in FL do
Initialize y¥ < 0 for all k;
k* < argj, maxm};
v L

end

Calculate b} using Eq. |3.15;

Update B; according to y¥", b;

17
Vi .
JTH < maxi1. n {b—}

return y*, b;, JTH

The first algorithm (OTFS) is shown in Algo. B] For each job in the queue Quuqir,
the algorithm first sorts the job in descending order of waiting time and schedules
the jobs in sequence (Line 6-9). During scheduling, the algorithm calls the procedure
Task Allocation (Algo. (1)) and JRBA (Algo. [2)) in turn (Line 9-13).

The second algorithm (OTFA) is shown in Algo. 4] Different from OTFS, which
makes task scheduling decisions based on the current status of the computation and
networking resource in the edge network, OTFA jointly manages the existing data
flows and the coming data flows. It first allocates the computation resources for

arriving jobs and then readjusts the networking resources for all data flows (Line

10-15).
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Algorithm 3: OTFS: Online Task Allocation and Flow Scheduling

Input: current time curT’, network G' = (V, E), Quait

J finish <— all jobs finishing at curT;

if Jfinisn # 0 then
Release all computing resource and bandwidth allocated to Jginish;
Update R; and B; for network;

end

if there are jobs arriving at curl then
Add jobs arriving at curT to Quait;

end

Sort Queir in descending order of waiting time;

for job J; in Qe do
Call the Task Allocation procedure to get {7; ;, F'L};
Call the JRBA procedure;

end
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Algorithm 4: OTFA: Online Scheduling Task Allocation Joint Flow Adjustment

Input: current time curT’, network G = (V, E), Quait; Qrun

J finish <— all jobs finishing at curT’;

if Jfinisn # 0 then
Release all computing resource and bandwidth allocated to Jginish;
Update R; and B; for network;

end

if there are jobs arriving at curl then

‘ Add jobs arriving at curT to Quait;

end

Sort QQeir in descending order of waiting time;

for job J; in Qe do

FL};

‘ Call the Task Allocation procedure to get {7 ;,
end

Release all bandwidth allocated to data flows F' L., in Qun;
Add FL to FLyn;

Call the procedure JRBA with F'L,.,;
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Figure 3.9: Application Graph of Object Attributes Recognition

3.6 Experimental Results

3.6.1 Experimental Setup

Benchmarks. To evaluate the ENTS system, we use a real-world live video analyt-
ics application, i.e., object attribute recognition [120], which is extensively used in
surveillance of public safety. The application graph is shown in Fig. [3.9] where we
have 10 functional modules. For modules 2 to 9, each of them is implemented with
a computing-extensive and resource-greedy DNN model [43] [117]. The application
takes the surveillance video as input and recognizes the attributes of pedestrians and
vehicles in the video, such as the color of cloth, gender of pedestrians, and type of
vehicles. Specifically, we use MobileNet-V2 [92] as the backbone network for object
detection in module 2. For attribute recognition and object re-identification, i.e.,
module 3 — 9, we use Resnet-50 [34] as the backbone network. We use the Kalman
filter to track the objects in module 10. The resolution of the video is 1920x1080 with
30fps and the size of each video frame is about 6MB. The application is implemented

with Python.

Baselines. We compared the proposed method with three state-of-the-art baselines
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as follows.

e LeastRequestPriority (LR). It schedules the whole job to the edge node with the

least resource consumption. The LR policy is frequently used in Kubernetes.

e BalancedResourceAllocation (BR). It schedules the whole job to the edge node,
which can balance the resource consumption among the edge nodes. BR is used

in Kubernetes to achieve workload balancing.

e Tuask Partition (TP). It partitions the job and schedules each task to the edge
nodes with the least execution time, including the transmission time and the
computation time. We adopt the default shortest path to transfer the inter-
mediate data. When multiple data flows go through the same link, all flows
equally share the link bandwidth.

Metrics. We employ two metrics as follows.

o Awverage Job Throughput. It is the average throughput of all submitted jobs. It

is an important metric to measure the performance of the scheduling algorithms.

o Average Waiting Time. It is the average waiting time of all submitted jobs, i.e.,
the time from the job submitted to the job scheduled. It is a metric reflecting

the effectiveness of the scheduler and system overhead.

Testbed Implementation. To test the system on a large scale geo-distributed
edge environment, we developed a hybrid testbed with both physical and virtual
edge nodes, as shown in Fig. We use virtual machines to emulate virtual edge
nodes. While numerous virtual edge nodes enable us to test in a large-scale and
network-flexible testing environment, the incorporation of physical nodes guarantees
the fidelity of the testbed. We leverage Linux Traffic Control to configure the network
topology and bandwidth among the edge nodes. We vary the network link bandwidth,
e.g., from 1 Mbps to 10Mbps, to emulate the physical distance among edge nodes. The
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Figure 3.10: Test Environment of ENTS

intuition is that the bandwidth should be low if two nodes are far away. Similar idea

is also adopted in [54].

Specifically, we randomly generate the network connection among edge nodes with
the average node degree as 3. We also enable routing and forwarding on each node so
that each node is both a compute node and a router. We use 4 raspberry pi, 2 Nvidia
Jetson Nano, and 2 Nvidia Jetson Xavier NX to represent physical edge nodes. A PC
equipped with four Intel Cores i9-7100U with 20GB RAM to act as the master node
to manage the edge nodes. Two servers are leveraged to host virtual machines acting
as virtual edge nodes. One is equipped with Intel(R) Xeon(R) Gold 6128 CPU with
192GB Memory, another is Intel(R) Core(TM) i9-10900F CPU with 64GB memory.
The specifications of the physical devices are shown in TAB. [1.2]

3.6.2 Results and Analysis

We test the performance of the ENTS system and the proposed online scheduling

algorithms under various situations.

Effects of Number of Edge Nodes. We evaluate the influence of the number
of edge nodes on the average job throughput and average waiting time to test the

scalability of ENTS. In this experiment, a total of 50 jobs are submitted by the
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Table 3.1: Specifications of Physical Devices

Name CPU Memory Performance
Raspberry Pi 1 core 1GB Low
Jetson Nano 6 cores 4GB Low

Jetson Xavier NX 6 cores 8GB Medium
Edge Server-1 64 cores  64GB High
Edge Server-2 128 cores  192GB High

edge nodes to the master with the arriving rate following a Poisson distribution with

A = 0.5/second.

As shown in Fig. |3.11fa), TR, OTFS, and OTFA perform much better than LR and
BR, with higher average throughput. The average throughput of LR and BR does
not exceed 1. It is because LR and BR do not partition the job, which leads to the
transmission of source video data over a low-bandwidth edge network. It becomes
the bottleneck of the job throughput. Unlike LR and BR, the other three methods,
i.e., TP, OTFS, and OTFA, partition the job and enable distributed job execution,
avoiding raw data transmission. OTFA performs best with the highest throughput
among TP, OTFS, and OTFA. TP shares the bandwidth equally and assigns the
shortest routing path for network flows, which usually leads to traffic congestion
when multiple data flows pass through the same network link. Instead, OTFS and
OTFA optimize the networking resources by enabling optimal bandwidth sharing and
routing path selection concerning the end-to-end job throughput. OTFA goes further.
It considers all the available data flows in the network, which can improve the average

job throughput compared to OTFS.

We also observe that the average throughput does not show a linear growth with
an increasing number of edge nodes. Generally, when the number of edge nodes in-

creases, the network will have more resources and higher job throughput. However,
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Figure 3.11: a) Impact of the number of edge nodes on average throughput with average bandwidth
1Mbps. b) Impact of the number of edge nodes on average throughput with average bandwidth
10Mbps. ¢) Impact of the number of edge nodes on average waiting time. d) Impact of the number
of submitted jobs on average throughput. e) Impact of the number of submitted jobs on average

waiting time. f) Impact of average bandwidth on average throughput.

the throughput decreases slightly when the number of edge nodes increases from 10
to 20 and 30 to 40. It is because of the limited network bandwidth, i.e., 1Mbps with
a variance of 0.3 in our experiment. When the number of edge nodes increases, the
number of hops and network links between two edge nodes also increases, resulting
in more bottleneck communication paths. As shown in Fig. [3.11(b), when the aver-
age bandwidth of the edge network becomes 10Mbps, such fluctuation of the average
throughput will no longer exist. More specifically, it shows a linear growth as ex-
pected. It is because the network bandwidth is not the bottleneck anymore, and

there are fewer bottleneck communication paths.

Fig. [3.11)(c) depicts the influence of the number of edge nodes on the waiting time.
When the number of the edge nodes is below 30, the average waiting time of TP,
OTFS, and OTFA is much smaller than that of LR and BR. The reason is that the
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former scheduling policies partition the job and allocate the task into edge nodes
with less abundant resources, improving resource utilization and the number of jobs
executable among the geo-distributed edge nodes. When the number of edge nodes is
above 30, the total resource is sufficient, where the average waiting time is dominated
by the running efficiency of the scheduling algorithms. Compared with the LR and
BR algorithms, TP, OTFS, and OTFA are required to traverse all the edge nodes for
each task and solve the formulated optimization problem, which increases the average
waiting time. However, we observe that when the number of edge nodes is below 50,
the average waiting time is no more than 1 second, and about 2.5 second when the

number of edge nodes is 70, which is still at a low level.

Effects of Number of Submitted Jobs. We evaluate the performance of the
average job throughput and wait time with a changing number of submitted jobs.
We set the average bandwidth as 1Mbps with a variance of 0.3. The number of edge
nodes is 30. The arriving rate of the submitted jobs follows a Poisson distributed

with A = 0.5/second.

As shown in Fig. [3.11](d), when the number of submitted jobs is no more than 30,
our method performs similarly to the baseline. In such cases, the edge resources
are relatively abundant, and the proposed methods, i.e., OTFS and OTFA, tend to
yield similar decisions compared with the baseline methods. However, when there are
more jobs, the average throughput of LR and BR declines dramatically. It is because
multiple jobs compete for limited networking and computation resources. Without
partitioning the submitted jobs and optimizing the bandwidth allocation and routing
path of flows, LR and BR easily suffer from network congestion and fragmented com-
putation resource usage, degrading the average job throughput significantly. OTFA
performs the best. Compared to TR and OTFS, OTFA considers optimal bandwidth
sharing and routing path for incoming in addition to existing data flows, which can
further improve the averaging job throughput with better resource utilization when

there are more jobs.
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Fig. (e) depicts similar trends concerning the performance in average waiting time.
When the number of submitted jobs is below 50, the average waiting time for all the
mentioned methods is low, i.e., no larger than 0.5 without apparent fluctuation. We
can also see that the waiting time of LR and BR is shorter than that of TP, OTFS,
and OTFA. It is because the latter three approaches have to traverse all the edge
nodes for each task, which leads to more waiting time for scheduling jobs. When the
number of submitted jobs exceeds 50, TP, OTFS, and OTFA show consistent average
waiting times while the performance of LR and BR increases significantly. The reason
is that there are no available resources to schedule the new-coming jobs. The rest of
the jobs are required to wait in the job queue, which results in an increased average
waiting time. Compared to TR, OTFS, and OTFA, the other two methods, i.e., BR
and LR, do not partition the submitted job, which may easily lead to fragmented

resource consumption and thus serve fewer jobs.

Effects of Average Bandwidth. We also evaluate the performance of the average
job throughput with the variance of the average bandwidth of the edge network. We
set the number of edge nodes as 30 in this experiment and the number of submitted

jobs as 50 with the arriving rate following a Poisson distributed with A = 0.5/second.

As shown in Fig. [3.11](f), the average throughput of all the methods increases with the
average bandwidth. More specifically, when the average bandwidth of the edge net-
work is no more than 5Mbps, OTFA outperforms other methods significantly because
it jointly considers and optimizes the data locality, the networking, and computing
resources of edge nodes. However, when the average bandwidth is above 10Mbps,
baselines and proposed methods tend to have similar performance. It is because the
bandwidth is relatively abundant now. However, OTFS and OTFA are slightly better
than LR and BR, as they optimize the bandwidth allocation and routing selection for
data flows in the edge network. BR outperforms LR as it aims to achieve balanced

resource consumption, enabling the powerful edge nodes to service more jobs.

In a nutshell, we evaluated and compared the performance of ENTS with the state-
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of-the-art and proposed online algorithms for scheduling streaming jobs. Benefiting
from the ability to consider task dependencies and jointly optimize the limited coupled
computation and networking resources, ENTS achieves a 43% —220% improvement in
average throughput. Although the proposed solutions introduce additional overhead
in making the scheduling strategies, they can serve more jobs when resources of the

edge network are limited, which leads to less averaging waiting time.

3.7 Conclusion

In this chapter, we designed and developed ENTS, the first edge-native task schedul-
ing system, to manage geo-distributed and heterogeneous edge resources in collab-
orative edge computing. ENTS extends Kubernetes with the ability to jointly or-
chestrate computation and networking resources to optimize the application perfor-
mance. ENTS comprehensively considers both the application characteristics and
edge resource status. We show the superiority of ENTS with a case study on data
streaming applications, in which we formulate a joint task allocation and flow schedul-
ing problem and propose two online scheduling algorithms. Experiments on an object
attribute recognition application on a large number of edge nodes show ENTS achieves

improved performance.
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Chapter 4

Scheduling Model Training Tasks

In this chapter, we design and develop an edge-native task scheduling system, namely
EdgeSplit, for collaborative edge computing. This chapter is organized as follows. We
present an overview of this work in Section 4.1l We further introduce the motivation
of proposing EdgeSplit in Section 4.2l We then elaborate the training process of
EdgeSplit and the methodology to reduce the model training time in Section (.3
Section [4.5] shows the evaluation results. Finally, Section [4.6] concludes this chapter.

4.1 Overview

In recent years, due to the great advancement of deep learning, AI models and algo-
rithms has been extensively used in various applications, including object detection,
natural language processing, and autonomous driving [56]. Traditionally, AT models
are trained on the cloud with the data collected from end devices due to its extensive
resource consumption. However, the cloud-based solution suffers from high communi-
cation costs, long response time, and privacy concerns [97|. Recently, edge empowered
Al namely Edge AI, has been proposed to support the training and deployment of

AT models on edge devices (e.g., edge servers, edge gateways, and mobile phones) at
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the network edge closer to the data sources |11,|135].

A significant problem of Edge Al is to train accurate models with fast convergence
using the distributed data on edge devices. Federated learning (FL) [61,[73] is a
popular and promising solution, which enables collaborative model training without
privacy violation. In FL, edge devices first use their local data to train the AI model.
They then send the model updates, e.g., model weights or gradients, to the FL server
for aggregation. The FL server will send back the aggregated parameters for the next
round of local training. These steps are repeated multiple rounds until a desirable
accuracy is achieved. FL has seen recent success in various applications, such as

Google’s Gboard [32], health Al [87], and across government collaboration [70].

However, fast training of federated learning on edge devices faces two challenges:
1) constrained edge resources. Edge devices are usually with limited memory and
computation capabilities. Some edge devices, e.g., mobile phones, may not have the
ability to burden the training tasks due to the complexity and great memory footprint
requirements of large Al models; 2) heterogeneous edge resources. There are various
edge devices, such as mobile phones, edge servers, and raspberry pis. The computing
and networking capabilities of those devices are usually vastly different. The FL
server is required to wait for the updated parameters of all the participants, which

may lead to long waiting time.

The two challenges are not well addressed in existing works. Some works [28},29,/64,
111] reduce the communication overhead for acceleration by compressing the trans-
mitted data. However, they lead to accuracy loss. Other works try to adaptively
select participants [12}/79,|110] and optimize model aggregation frequency [109,|116]
among heterogeneous edge devices. But they neglect the constraint edge resources,
where an edge device may not be able to perform the local training of a large Al
model. Recently, split learning [81},107] was proposed to enable the model training
on low-resource mobile devices by splitting the full model between server and clients.

However, it is a sequential training paradigm and not suitable for the parallel fed-
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Figure 4.1: Overview of EdgeSplit. Edge devices train part of the full model with different depths
adapting to local resources and offload the rest of model training task to the FL server for accelera-

tion.

erated learning. Moreover, it does not take into account the resource heterogeneity

among edge devices.

In this thesis, we rethink the problem from the perspective of training task scheduling.
We propose a novel training framework, named EdgeSplit, to accelerate federated
learning on heterogeneous and resource-constraint edge devices by enabling efficient
task offloading among edge devices and the FL server. As shown in Fig. a
full model is partitioned into a set of shallow models with different depths at layer-
granularity, adapting to the local edge resources. Each device trains part of the full
model and partially offloads the rest of the training task to the FL server. Hence,
the local training on edge devices is divided into four steps, i.e., local forward, server
forward, server backward, and local backward. The server is responsible for both
the rest of model training task and parameters aggregation. EdgeSplit provides an
efficient and practical solution to train large models on low-resource edge devices and

leverages the powerful computation resource of FL server to accelerate the distributed
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model training in heterogeneous edge computing.

However, it is non-trivial to achieve efficient and practical EdgeSplit. First, it is diffi-
cult to decide the optimal model partition point for each edge device for minimizing
the training time. The computation workload and size of parameters vary across the
layers of a DNN model. Simple decoupling can hardly reduce the training time. To
solve the challenge, we mathematically formulate a training task scheduling problem
to decide the model partition points and the bandwidth between an edge device and
the server, considering both devices’ computing capabilities and network bandwidth.
The problem is a mixed integer non-linear problem proven to be NP-hard. We hence
propose an efficient alternating algorithm to quickly find the optimal solution by it-
eratively optimizing the model splitting and bandwidth allocation strategy. Second,
handling the partial model training tasks offloaded from multiple edge devices leads to
high memory consumption of the FL server. We thereby design an SplitPipe mecha-
nism to alleviate the memory overhead by pipelining and reusing the duplicated layers
of the partial models on the server, making it more suitable to the resource-constraint

edge computing environment.

EdgeSplit is different from Split Learning. First, Split learning adopts fixed model
partition points for all edge devices, neglecting resource heterogeneity. Second, Split
learning does not address the memory overhead of the server. The efficacy of EdgeS-
plit is illustrated by developing a self-developed real-world testbed with both physical
and emulated edge devices to evaluate the system in large scale. We have comprehen-
sively evaluated the performance of EdgeSplit by comparing it with vanilla federated
learning and baselines under various settings. The evaluation results show that our
proposed EdgeSplit can achieve up to 5.5x acceleration. In a nutshell, our contribu-

tions are three folds:

e To the best of our knowledge, this is the first work that accelerates federated

learning on heterogeneous and resource-constraint edge devices by adaptively
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Figure 4.2: Federated learning on heterogeneous edge devices suffers from the straggler issue.

splitting and scheduling the training task. EdgeSplit significantly improves

training efficiency without compromising accuracy.

e We propose novel solutions to address the challenging issues for achieving ef-
ficient and practical EdgeSplit, including joint model splitting and bandwidth
allocation for fast training and SplitPipe mechanism to reduce memory over-

head.

e We evaluate the performance of EdgeSplit on a real-world testbed with vari-
ous benchmark models and datasets. The results indicate the superiority of

EdgeSplit in accelerating federated learning.

4.2 Motivations

Federated learning suffers from the straggler issue on heterogeneous edge
devices. There are two paradigms of federated learning. One is synchronous, and
another is asynchronous. In the former paradigm, the FL server waits for the model
updates from all participants and then performs the model aggregation. A large por-
tion of time is used to wait for the weights updates from other less powerful edge de-
vices, which is known as the straggler issue. It is usually caused by the heterogeneous

computing and networking capabilities of edge devices. In asynchronous federated
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learning, the server doesn’t need to wait for the model updates from all participants.
It performs server-side model aggregation once it receives an update. Though it has
no straggler issue, the model convergence usually cannot be guaranteed [7]. Syn-
chronous federated learning is still the mainstream training paradigm. Fig. shows
the time for one-round model training on three edge devices with different computing
capabilities. We train a LeNet model on raspberry pi and two different NVIDIA Jet-
son family platforms (i.e., NX AGX, and Xavier AGX). As shown in Fig. [£.2] there is
obvious heterogeneity among those devices. The single-epoch training on raspberry
pi with poor computation capability consumes about 30 times training latency than
that of Xavier AGX with good computation capability, and about 16 times training
latency than that of NX AGX with medium computation capability.

Edge devices with limited memory footprint cannot perform local model
training. Memory in neural network training is required to store input data, weight
parameters, and activations as an input propagates through the network. In training,
activations from a forward pass must be retained until they can be used to calculate
the gradients in the backward pass. We observe that a 50-layer ResNet model requires
12GB memory if we use a 32-bit floating-point value to store model parameters.
However, mobile phones are usually equipped with 8GB RAM. They can hardly hold
the full ResNet model. Moreover, neural networks are getting larger and larger, such
as transformers [62] and foundation models [6]. It is challenging to perform federated
learning on edge devices to train large models with localized data. EdgeSplit is hence
a promising way, which solves the resource constraint of edge devices by splitting the

model and can utilize other heterogeneous resources to accelerate the FL training.

4.3 Framework of EdgeSplit

We first introduce the training framework and the benefits of EdgeSplit. We then

illustrate the challenges to achieve efficient EdgeSplit.
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Figure 4.3: Framework of EdgeSplit. It consists of three stages: model and device profiling, task

scheduling optimization, and online split edge training.

4.3.1 EdgeSplit Framework

Fig. shows the workflow of the EdgeSplit framework, which consists of three
stages: model and device profiling, task scheduling optimization, and online edge

split training.

At the profiling stage, EdgeSplit mainly performs two steps: 1) profiling the execution
time of each layer of the neural network on different edge devices and the FL server;
2) profiling the size of output for each layer of the trained model. More specifically,
we perform one training epoch on each edge device and the server, and then record
the execution delays and output size of different DNN layers. We repeat this process
dozens of times and then calculate the average delay for a more accurate and stable
value. Note that the output size of each layer in the model is fixed and just needs to
be profiled once. Those profiling information will then be used to support intelligent
task scheduling strategies, which decide how to partition the model and allocate the

bandwidth between edge devices and the server.

At the task scheduling optimization stage, the EdgeSplit scheduler determines the best
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partition point for each edge device and the bandwidth allocated to each edge device.
The optimization problem aims to minimize the training time for accelerating the
federated learning. It takes the following as inputs for the task scheduling algorithm:
1) the profiled average execution time of different model layers in all edge devices and
the FL server; 2) the profiled size of output for each layer of the model; 3) the total

bandwidth between the server and edge devices.

At the online split edge training stage, after getting the best partition points of the
given DNN model, the partial model for each edge device are determined. The server
first performs weights initiation and sends partial weights to edge devices, which will
then conduct partial model training with localized data. After finishing the local
feed forward process, edge devices will send the outputs of partial models to the
server, which is responsible for the rest of feed forward training. The server also
performs back propagation and sends back the gradients to edge devices for local
back propagation and local weights updates. The edge devices then use the updated
weights to perform the next batch of local feed forward. The process will be repeated
several times, subjecting to the number of batches in an epoch. Finally, edge devices
send back the updated weights, which will be aggregated in the server and go for
the next round of training until the model gets convergence. The steps of one-round

training of EdgeSplit are shown in Algo. [5

Benefits. EdgeSplit is suitable for accelerating federated learning on heterogeneous

edge devices for three reasons.

e Resource-efficient. Edge devices only need to train part of the full model,
subjecting to the local computing capabilities and the bandwidth between an
edge node and the server. It enables training resource-greedy Al models on
resource-constraint edge devices, such as raspberry pi, which has only 1GB

memory.

e Communication-efficient. In EdgeSplit, only activations of the partition
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Algorithm 5: Procedures of a single round of EdgeSplit Training

Input: A Server S, DNN model W to be trained, M edge devices
E ={ey, ea,...;en M,
The server decides the model partition points for each edge device and sends the
initial weights Le,, Le,, ..., Le,,;

for epochs do

for batches do
// Feed forward
Each edge device performs feed forward of the partial model with
localized data;
Each device shares the outputs/activations of the partial models to the
Server;
Server S finished the rest of the training;
// Back propagation
Server S performs back propagation and sends back the gradients to edge
devices;
Each edge device gets the gradients and does local back propagation and
updates its weights;
end
// Weights aggregation
Each edge device sends the updated partial weights to the server for
aggregation;
Server S collects and aggregates all updated weights from edge devices and
sends back the aggregated weights Ly , Ly, ..., Ly, to edge devices;
end
return Model W
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Figure 4.4: Output data size varies across DNN layers. Random model partition can hardly generate

optimal execution latency.

layer and partial of full weights are transmitted between edge devices and the

server, which reduces network pressure and achieves fast training.

e No Accuracy Loss. EdgeSplit only offloads partial training tasks to the FL
server. It does not compress the data or modify any hyper-parameters of the

training. There is no accuracy loss of EdgeSplit compared to the original FL.

4.3.2 Challenges

Despite its great benefits, there are still several challenges to achieve efficient and

practical EdgeSplit.

First, determining the best partition points for a model on heterogeneous edge devices
is non-trial. As shown in previous works |50460|, simple decoupling of a deep neural
network can hardly reduce its final execution latency in an edge-cloud deployment.
This is because the in-layer output data, to be transferred across the network, is vastly
different across the layers of a DNN model and is usually much larger than the original

input data, due to the existence of the convolutional layers. Fig. shows the data

o7



Chapter 4. Scheduling Model Training Tasks

size of some layers of a VGG16 model and the input data size with a 128 batch size
on the CIFAR-10 dataset. Moreover, the overall training time is not only related to
the execution latency of a single edge-server pair, but also largely influenced by other
edge devices with heterogeneous resources. The overall training time is determined
by the straggler. Furthermore, edge devices share the bandwidth. The allocated

bandwidth to each edge device will affect the efficiency of data transmission.

Second, high memory consumption of the server leads to scalability issue. When there
are 1,000 edge devices participating in the federated learning, the server may have
to load 1,000 server-side models in the memory, which will be used to handle the
activations from edge devices and complete the whole training process. Hosting such
large number of DNN models will dramatically increase the burden of the FL server.
It is suitable for cloud computing scenarios where the server is located in cloud data
centers and can leverage the high flexibility of cloud servers to address the server-side
pressure, i.e., allocating more cloud servers. However, for those less powerful servers,

for example, base stations and edge gateways, it is still a concern.

4.4 Methodology

In this section, we detail the solutions to address the aforementioned challenges for

achieving practical and efficient EdgeSplit.

4.4.1 Determine the Best Partition Points

The following shows details about the problem formulation and the task scheduling

algorithms to decide the best model partition points for each edge device.
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Table 4.1: List of notations

Symbol Descriptions

Xi; binary variable, whether layer j of a model is the partition point

for edge device 1

Tf ; forward time from layer 1 to layer j on device ¢

le] backward time from layer j to layer 1 on device 7

ij j forward time from layer j + 1 to end layer on the server
Sf, ; backward time from end layer to layer 7 + 1 on the server
M total number of edge devices

N number of partitionable layers of a DNN model

0; Output size of layer j of a given model

B; bandwidth allocated to edge device i

P; number of parameters from layer 1 to layer j

System Model. We consider a network consisting of M edge devices and a server.
The edge devices have heterogeneous computation capabilities, and the server is lo-
cated in the remote cloud and is much more powerful than edge devices in terms of
computation capability. The edge devices and the server are interconnected, and the
total bandwidth between the server and edge devices is denoted by B. Bandwidth

between an edge device ¢ and the server is B;, 1 < i < M.

DNN models are usually with a layered architecture. Different layers have different
sizes of parameters and output data. We assume the model is with N feasible partition
layers. O; represents the size of output/activations of layer j,1 <14 < N. P;is number
of parameters from layer 1 to layer j. Other notations used in this thesis is shown in

Table. [4.1]

Problem Formulation. There are three main contributing components to the train-

ing time in each round: 1) forward computation time of local edge devices and the
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server; 2) back propagation time of the server and local edge devices; and 3) in-
termediate data transmission time to send/receive activations/gradients and weights

between edge devices and the server.

In the forward phase, the computation time Tb];tch for edge device 7 in a batch is

calculated by

N N
Tihen = D T Xij+ ) ST+ Xy (4.1)
j=1 j=1

where X;; equals to 1 if layer j of the model is selected as the partition point for
edge device 7. Otherwise, X, ; equals to 0. In Eq. ‘) Zjvzl Tlfj * X, ; represents
the feed forward time on local edge device i, and Zjvzl Si’j ; * X, j represents the rest

of feed forward time performed on the server.

In the backward phase, the computation time T}, , for edge device i is calculated by

N

Tl?atch - Z(Sf,] + 7711?]) * Xi,j (42)

J=1

The communication time to send the activations to and get gradients from the server

is calculated by

N .
T 21 B‘? 40 (4.3)

where Oj * X, ; is the amount of activations (gradients) to be transmitted if layer
J is the partition layer for device ¢, i.e., X;; = 1. This is only one partition point
for a model on an edge device, hence Zjvzl Oj * X, ; indicates the amount of activa-
tions/gradients for device i. The activations and gradients are assumed to have the
same size, as they are decided by the shape of the partition layer, i.e., the number of

neurons in this layer.

Note that, edge device 7 also has to receive the initial weights from the server at the
beginning of the training and sends back the updated weights when finishing a round

of training. The communication time to receive and send the weights is calculated by
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Eq. 1} where Z;\;l Pj x X, ; indicates the amount of weights to be sent for edge

device 1.

N .
2371 J I 49

5 (4.4)

w —
Tbatch —

Hence, the time for a round of training of edge device 7 is calculated by Eq. where

b is the number of batches.

CTZ'T =bx (be tch + Tlf)atch + Tbgatch) + ngtch (45)

a

Objective. The problem of minimizing the training time of EdgeSplit by jointly
deciding model partition and bandwidth allocation is formulated as follows. We
denote this problem as P1. As shown in the objective function Eq. , the overall
training time is determined by maximum training time of edge devices, and our
objective is to minimize the maximum training time for acceleration. Eq. is the
constraint. It ensures that there is one and only one partition point for the model on
an edge device. Eq. indicates the allocated bandwidth to edge devices should
not exceed the total bandwidth.

P1:  min max {17, 7y, .., T}, (4.6)
Subject to constraints:
Xij; €{0,1}, Vi, j (4.7)
N
Z Xi,j = ]_, Vi (4 8)
j=1
M
Y Bi<B (4.9)
i=1

Problem Solution. There are both binary variable X; ; and continuous variable B;
in P1. The problem is hence a mixed integer non-linear problem, which is proven to

be NP-hard in literature and is hard to solve. To solve the problem, we first simplify
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the original problem P1 and then propose an efficient alternating algorithm to solve
it. 7] can be simplified and rewritten as follows:

Y A+ Gy x 4.10

Tz-—jzl( m‘+§i)* i (4.10)

where A;; = b+ (T), + SL, + S0, + T¢)) and C; = (b O; + P;) x 2. In Eq. (4.10),

A; ; and C; are deterministic and there are two variables X;; and B;. We observe

that once fix B;, there is an analytical solution for X ;, and once fix Xj ;, the original

problem P1 becomes a convex problem. Instead of relaxing X;; to a continuous

variable, which is usually adopted, we propose an alternative minimization method

to solve the problem, which alternatively search and optimize X; ; and B;. There are

three steps of the method.

Step 1: Fix B;, then P1 can be solved directly. The corresponding analytical solution
of X;; is given by Eq. (4.11). It indicates that the selected partition layer j should
be able to minimize the one-round training time of an edge device.

1, j=argmin(A;;+ %)
j 1

0 otherwise.

Step 2: Fix X;; getting from step 1, and the original problem P1 is transformed to
following problem P2.

(2

M
ZBi <B
=1

P2: minmax{7},75,..., TAT}Z.]Z1

(4.12)

Note that, in problem P2, T} is convex and the objective function max {17, 75, ..., T[}?il
is the stagnation point maximum function of M convex functions, which is also con-
vex. The constraint Zf\il B; < B is linear. Hence, problem P2 is a convex problem,

which can be solved by convex optimizers [17].
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Algorithm 6: Joint model partition and bandwidth allocation

Input: Profiled data 7/, S/, S?;, T?;, S, T, O;, Pj; total bandwidth B; D
and batch size b

Output: the model splitting strategy X;; and bandwidth allocation strategy B;

Initialize B; for all edge devices;

Initialize a large one-round training time 7, - INF’;

for iterations do

// Step 1
Calculate X/ ;. by solving Eq. (4.11));

Fix model splitting strategy by assigning X7 . « 1;

// Step 2

Solve convex problem P2 and get optimal objective value T%. and B} for all
edge devices;

if T, > T{L* then

Topt <+ T

Fix B} for all edge devices;

else
break;
end
end
return X/,., Bf

Step 3: We then repeat the alternative minimization process, i.e., step 1 and step 2,

for several times, and the solution of original problem P1 will be found.

The algorithm is shown in Alg. 6] More specifically, the input includes the profiled
model characteristics. We first randomly initialize B; and T, with an infinite value.
We then performs Stage 1 by fixing B; (line 1-5). After getting X ;, we solve problem
P2 through a convex optimizer and get the solution of B; (line 6). Finally, if the T,

63



Chapter 4. Scheduling Model Training Tasks

keeps decrease, we continue iterate this process (line 7-12). Otherwise, we break this

process to get the optimal model splitting and bandwidth allocation strategy.

4.4.2 Alleviate Memory Overhead

In EdgeSplit, the partial models have to be loaded in the FL server, which will perform
the rest of the model training tasks. As shown in Fig. [5.2|(a), suppose there are 3
edge devices and the full model to be trained has 10 layers. The partition points
of the 3 edge devices are 4,6, 8, respectively. The FL server thereby has to load
three partial models with layer 5-10, 7-10, and 9-10. Hosting those partial models
and their corresponding weights in the FL server leads to high memory consumption.
We observe that when training 20 ResNet50 models at the server, the active peak
memory goes up to 220GB. Further, the computation resource of the server is not
fully utilized. For the partial model with layer 5 — 10, when layer 5 is executed, layer

6 — 10 consume the memory but wait for execution.

We notice that for those partial models, there are overlaps among the layers loaded
into the memory. For example, layer 7 — 10 are duplicated for partial model 1 and
partial model 2, and layer 9 — 10 are duplicated for partial model 2 and partial model
3. Hence, we propose a SplitPipe mechanism to reduce the memory consumption of
the FL server by pipelining the partial model and reusing the duplicated layers on

the server.

As shown in Fig.[5.2(b), the deepest partial model with layer 5—10 is split into several
small partial models, i.e., layer 5 — 6, layer 7 — 8, and layer 9 — 10. Those partial
models concurrently handle the tasks from client 1 — 3. When layer 5 — 6 finishes the
computation tasks from client 1, it forwards the activations of layer 6 to layer 7 — 8,
which completes the computation task from client 2 and forwards the activations of
layer 8 to layer 9 — 10. Layer 9 — 10 finishes the task request from client 3 and then

handles the request from client 2. In such case, only layers 5 — 10 are fed into the
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Figure 4.5: EdgeSplit with SplitPipe mechanism to reduce memory overhead by pipeling and reusing

duplicated layers of partial models.

memory and can greatly reduce the memory. The partial models Lp to be loaded
in the server is indicated by Eq. (4.13)), where X/,. is the model partition point for
edge device i determined by Alg. |§| and Indez(-) is a function returning the index of

non-zero elements of a list.

M
Lp = Index(z X/ ) (4.13)

However, a partial model under the SplitPipe has to serve multiple task requests
concurrently. For example, in Fig. |5.2(b), layer 7 — 8 may have to handle the re-
quest both from client 2 and the request from its preceding layers, i.e., layer 5 — 6.
Different task requests correspond to different model parameters. To avoid loading

multiple partial model parameters simultaneously, which may lead to high memory
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(b) SplitPipe with Backward-First

Figure 4.6: Different task execution strategy of SplitPipe. Backward-First strategy reduces memory

overhead by releasing memory space of cached intermediate variables.

consumption, we adopt the dynamic model loading technique, where a partial model
saves the parameters into disk after handling a task request and then loads the new

parameters from disk to serve the new coming task request. We denote this strategy

as SplitPipe-RW.

SplitPipe-RW may lead to prolonged task executing time as the model parameters
need to be written into the disk and loaded into the memory. We additionally de-
sign a SplitPipe-BF mechanism to reduce memory overhead to avoid frequent 1/0
operations, by optimizing the task execution procedure. An ideal case is that, after
finishing the request from client 2, the request from layer 5 — 6 just arrives. How-
ever, in practical systems, it may not be true, and the concurrent tasks may wait for
execution. Fig. (a) shows a naive task execution strategy, which adopts a first-
in-first-serve principle. F1, F2, and F3 represent the forward calculation of client 1,

client 2, and client 3, respectively. Similarly, B1, B2, and B3 indicate the back propa-
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gation. In this case, partial models in Fig. (b) will maintain a task queue and serve
the requests in the queue one by one according to request arrival time. To further
reduce the memory overhead, the SplitPipe-BF mechanism adopt a backward-first
principle, as shown in Fig. (b) In SplitPipe-bf, the backward task has the high
priority. This is because in the forward propagation stage during model training, the
intermediate results, e.g., weights and activations of each layer, are required to be
cached and used for gradient calculation during back propagation. Those accumu-
lated intermediate results will lead to high active peak memory. The backward-first
strategy can release unnecessary intermediate variables in time and reduce memory
consumption. Taking F2 of Layer 9-10 (the forward calculation of the client 2 of layer
9-10) as an example. Before F2 is calculated, the reverse B3 of client 3 (the reverse
calculation of layer 9-10) is performed first. After the calculation is completed, the
intermediate variables of F'3 can be released, so that F2 can reuse the memory space

of the intermediate variables of F3.

SplitPipe can efficiently reduce the memory consumption in the FL server, adapting
to cases when a resource less-abundant edge server at the network edge acts as the FL
server rather than the cloud servers in a data center. Moreover, SplitPipe is suitable
for the scenarios when there are multiple FL servers or one server with multiple
computing hardware, e.g., GPUs. In such scenarios, each partial model can easily

feed into a computing device, and fully utilize the computing resources.

4.5 Experimental Evaluation

4.5.1 Experimental Setup

Testbed. To test the system on a large-scale edge environment, we build a large-
scale hybrid testbed with high fidelity with both physical and virtual edge devices,

as shown in Fig. We use Docker containers [5]| to emulate virtual edge devices.
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Figure 4.7: Hybrid testbed with physical and emulated devices

The Docker engine enables us to allocate different CPU resources to emulate resource
heterogeneity. While numerous virtual edge devices enable us to test in a large-
scale and network-flexible testing environment, the incorporation of physical nodes
guarantees the fidelity of the testbed. We leverage Linux Traffic Control to configure
the network topology and bandwidth among the edge devices and the FL server. We
vary the network link bandwidth, e.g., from 1Mbps to 10Mbps, to evaluate EdgeSplit

under different network conditions.

Regarding edge devices, we use raspberry pi, Nvidia Jetson Nano, Nvidia Jetson
Xavier NX, and Nvidia Jetson Xavier AGX to represent physical devices. Note that
the Jetson devices are equipped with embedded GPUs and are much more powerful
than raspberry pi. Among them, Xavier AGX has the best computation capability. A
powerful server equipped with Intel(R) Core(TM) i9-10900F CPU with 64GB memory
is used to act as the FL server to manage the edge devices and the training process.
In terms of virtual edge devices, we use an edge server to host Docker containers
acting as virtual edge devices. The edge server is equipped with Intel(R) Xeon(R)
Gold 6128 CPU with 192GB memory and 128 cores. Docker enables us to flexibly
configure the number of CPU cores and the memory of a container. The more CPU
cores, the more powerful the container is in terms of computation capability. The

specifications of the physical devices are shown in Table. [£.2]
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Table 4.2: Specifications of heterogeneous physical devices

Name CPU Memory Performance
Raspberry Pi 1 core 1GB Low
Jetson Nano 6 cores 4GB Low

Jetson Xavier NX 6 cores 8GB Medium
Jetson Xavier AGX 12 cores 32GB Good
Edge Server 128 cores  192GB -

FL Server 64 cores 64GB High

Benchmark. The performance of experiments is highly relevant to the input data
and the models to be trained. To show the generality of EdgeSplit, we test various
DNN models, including LeNet [57], VGG-16 [98], ResNet-50 [33], and ResNet-101
[113]. They are classical and representative models and extensively used in both
academia and industry. Moreover, they have a variant depth of neural network from

5 to 101 layers, with distinct sizes of parameters and computation workloads.

We use three commonly used datasets, i.e., Fashion-MNIST, MNIST, and CIFAR-10.
MNIST dataset consists of handwritten digit images of 0 to 9 (i.e., 10 classes). Each
image has 28 x 28 pixels with a pixel value ranges from 0 to 255. It has a total of
60, 000 training and 10, 000 test samples. FashionMNIST consists of images of ten
clothing, including T-shirts, trousers, pullover, dress, and coat. Each sample has 28
x 28 pixel grayscale images the number of training and test samples equal to the
MNIST dataset. CIFARI10 consists of color images of ten objects (classes), including
airplane, cat, dog, bird, automobile, horse, and ship. It has 50, 000 training and 10,
000 test samples. Each sample in CIFAR10 has 32 x 32 pixels. For each dataset,

there are ten classes. We randomly assign 5 different classes for each edge device.

Baselines. We compare EdgeSplit with three methods.

e Vanilla Federated Learning (Vanilla FL). In this case, all training tasks are
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performed on local edge devices, and the server is only responsible for weights
aggregation as in FedAvg [73|. The bandwidth is equally shared among edge

devices.

e FL with adaptive bandwidth allocation (Adaptive FL). Adaptive band-
width allocation for accelerating FL is used in [86,[109]. In this case, training
tasks are also done locally. However, the bandwidth allocation is decided by
solving problem P2 in § Adaptive FL is actually a special case of EdgeS-
plit, where the partition points for all edge devices are the last layer, indicating

the model is trained locally.

e EdgeSplit with fixed partition point (EdgeSplit-Fix). In this case, parti-
tion points for all the edge devices are the same, as in SplitFed [104]. We allocate
half of the layers on the edge devices and half of them on the FL server. The
bandwidth allocation strategy is the same as Adaptive FL.

4.5.2 Results and Analysis

We test the performance of the EdgeSplit and baselines under various situations. In
all the following experiments, the client selection ratio is set to be 1, which means all
edge devices participate in the training. The batch size is set to be 128 and the local
epoch is 1.

Overall Evaluation. We first test the one-round training time with four physical
devices, i.e., raspberry pi, jetson nano, jetson xavier NX, and jetson xavier agx. The
results are shown in Table. [4.3] We can see that, due to the memory constraints,
raspberry pi, jetson nano, and jetson xavier NX cannot train large DNN models, i.e.,
VGG16, ResNetb0, and ResNet101. We observe that when training the ResNet50 and
ResNet101, the memory footprint can go up to 11GB, which exceeds the capacity of

those devices. However, EdgeSplit enables large model training on resource-constraint
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devices by partitioning the model. Moreover, EdgeSplit also achieves training accel-
eration compared to vanilla FL. and Adaptive FL. EdgeSplit achieves 1.52x speed

acceleration of one-round training when training LeNet on the MNIST dataset.

Table 4.3: One-round training time on physical devices (s)

Name Vanilla FL.  Adaptive FL. EdgeSplit  Acceleration

LeNet 370.2 369.4 243.4 1.52x
VGG16 - - 614.6 -
ResNet50 - - 3407.6 -
ResNet101 - - 2203.8 -

— baselines cannot perform training due to limited memory

Table 4.4: Comparison of per-round training time. Best partition points and acceleration ratio to

vanilla FL are given.

Model Vanilla FL. | Adaptive FL | EdgeSplit-Fix Ratio | EdgeSplit Best Partition Points  Ratio

LeNet 237.9 234.2 164.3 1.4x 134.8 [1,1,1,1,2,2,4,4] 1.76x
VGG16 969.6 953.2 384.2 2.5x 243.4 [1,1,3,3,13,13,13,13]  3.9x
ResNet50 1806 1800.4 696.6 3.0x 330.2 [1,1,1,1,2,2,49,49] 5.5x
ResNet101 1355.7 1352.3 693.6 1.9x 308.1 [1,1,1,1,1,1,8,8] 4.4x

We then use the hybrid testbed to emulate those heterogeneous edge devices to quanti-
tatively study the performance of EdgeSplit. We want to know how much acceleration
EdgeSplit can achieve. We set the memory of those emulated devices (i.e., containers)
as 12GB to train those large models. Moreover, we use the CPU cores ranging from
1 core to 5 core to emulate three types of virtual edge devices with heterogeneous

computation capabilities.

Table. shows the per-round training time with 8 edge devices under 30Mbps
bandwidth. We can see that model partition methods, i.e., EdgeSplit-Fix and Edge-
Split, show obvious acceleration. This is because splitting the model can reduce local

training time and offload partial computational tasks to the powerful FL server for

71



Chapter 4. Scheduling Model Training Tasks

90
80f
70t
—
~~ |- =
éc, 60 \o)
> 50 oy
g 2
5 40 —A— Vanilla FL 3 —A— Vanilla FL
S 30 O AdapiveFL | {2 30 ——<$— Adaptive FL
< | EdgeSplit-Fix - EdgeSplit-Fix
208 —— EdgeSplit 1 —— EdgeSplit
10 10%
0 2000 4000 6000 8000 10000 12000 14000 0 1 2 3 4 5 6
Time(s) Time(s) x10*
(a) LeNet on MNIST (b) VGG16 on CIFAR-10
~ ~
X =X
e SN
& Y
< <
= $—
54 —A—— Vanilla FL 330 —4— Vanilla FL
2 30 —<—— Adaptive FL ::’ 20 —<—— Adaptive FL
EdgeSplit-Fix EdgeSplit-Fix
2 —k—— EdgeSplit 1 104 —%—— EdgeSplit
10% 0
0 05 1 15 2 25 0 5 10 15
Time(s) x10° Time(s) x10*

(¢) ResNet50 on FashionMNIST (d) ResNet101 on CIFAR-10

Figure 4.8: Convergence Time v.s. Accuracy. EdgeSplit achieves fast convergence without accuracy
loss

acceleration. EdgeSplit outperforms EdgeSplit-Fix, achieving up to 5.5x acceleration
when training ResNet50, as it can adaptively adjust the partition points for each
edge device considering the heterogeneous local resources. We also observe Adaptive
FL achieves similar performance with Vanilla FL. This is because the bandwidth is
relatively abundant in this case, and the main bottleneck is from the computation.
More study about the influence of bandwidth is shown in later experiments. We also
train the models into convergence. Fig. shows the accuracy changes with the
training time. EdgeSplit shows less training time in each round and can achieve fast

convergence without accuracy loss, compared to the various baseline methods.

Effects of Number of Edge Devices. We set the total bandwidth as 30Mbps.
As shown in Fig. the one-round training time of baseline methods and EdgeSplit
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Figure 4.9: Impact of Number of Edge Devices

increases with the number of edge devices from 8 to 72. In this case, the average
bandwidth for each edge device decreases with the increasing number of edge devices,
which leads to prolonged parameter transmission and increased one-round training
time. However, compared to vanilla FL and adaptive FL, the increment of one-
round training time for EdgeSplit and EdgeSplit-Fix is much more apparent. This
is because they need to frequently transmit activations and gradients between edge
devices and the FL server. Massive edge devices lead to transmission congestion
and thus cause an increase in one-round training time. Things become worse for
EdgeSplit-Fix. As shown in Fig. (a), (c), and (d), EdgeSplit-Fix consumes more
time to train the model when there are 72 edge devices. In this case, edge devices are
expected to burden more computational tasks as the average bandwidth is relatively
limited. However, EdgeSplit-Fix cannot adjust the amount of local computation as

the partition points are fixed.
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Figure 4.10: Impact of Total Bandwidth

We can also see from Fig. (d) that the one-round training time of EdgeSplit and
adaptive FL is the same when the edge devices are more than 48. It shows that the
two methods yield the same model splitting and bandwidth allocation strategy. This
is because the data transmission cost is much higher in this case. EdgeSplit tends
to choose local model training rather than splitting the model. It also shows that
adaptive FL is a special case of EdgeSplit, where the whole model is trained locally.
Overall, the performance of EdgeSpit should not be worse than adaptive FL.

Effects of Total Bandwidth. We set the number of edge devices as 20. As shown in
Fig. the one-round training time decreases with the increasing total bandwidth
as the data transmission cost becomes smaller. The speed acceleration ratio becomes
larger as the total bandwidth increases. For example, the acceleration ratio is about
1.3x under 5Mbps and then goes up to 3.1x under 50Mbps condition for VGG16. A

similar trend is also observed for ResNetb0 and ResNet101. We also observe that in
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some cases, the acceleration ratio is about 1x, i.e., for ResNet101 when bandwidth is
below 10Mbps. In such a case, the local computation time is the dominant factor,
and EdgeSplit tends not to split the model. It means the model training is performed
locally and the improvement is due to the bandwidth adjustment. Moreover, we
see that adaptive FL is much better than vanilla when the bandwidth is relatively
low. The gap between the two methods becomes small with the increasing total
bandwidth. For example, the gap in Fig(b) changes from 96s to 10s with the
bandwidth increasing from 5Mbps to 50Mbps. This is because adaptive FL can
efficiently utilize the bandwidth and allocate the bandwidth across edge devices when
the bandwidth is low. Compared to adaptive FL, EdgeSplit not only optimizes the
bandwidth allocation but also optimally decides the model splitting, which shows

apparent training acceleration.

Effects of SplitPipe We study the effects of SplitPipe on the memory usage and
training performance of EdgeSplit. We set the number of edge devices as 8 and the
total bandwidth as 30Mbps.

Table 4.5: Performance of EdgeSplit with different serverpipe mechanisms. Memory: the active

peak memory footprint within the training; Round-Time: the average round time in the training.

LeNet VGG16 ResNet50 ResNet101

Memory(GB) Round-Time(s) Memory(GB) Round-Time(s) Memory(GB) Round-Time(s) Memory(GB) Round-Time(s)

Split-NonPipe 0.2 124.6 8.81 218.1 87.9 283.5 14.336 285.6
SplitPipe-RW 0.038 136.1 1.47 245.2 15.44 333.4 2.46 312.6
SplitPipe-BF 0.163 134.8 6.93 243.4 64.4 330.2 10.12 308.1

We compare the performance of EdgeSplit with three mechanisms. Split-NonPipe in-
dicates EdgeSplit without SplitPipe approach, where the partial models are separately
loaded in the F1 server, as shown in Fig. [5.2(a). SplitPipe-RW represents EdgeSplit
with SplitPipe mechanism adopting dynamic model loading strategy, and SplitPipe-
BF indicates Backward-First principle. As shown in Table 4.5 the memory consump-
tion of SplitPipe-BF and SplitPipe-RW is much lower than that of Split-NonPipe.
SplitPipe-BF achieves around 18.6%, 21.3%, 26.7%, and 29.4% less active peak mem-
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ory consumption than SplitPipe-Non when training LeNet, VGG16, ResNet50, and
ResNet101, respectively. This is because the SplitPipe approach only needs to load
sequential partial models into the memory, and it adopts a Backward-first principle
when handling the concurrently arriving task request, which releases unnecessary in-
termediate results in the training and hence reduces memory consumption. We also
observe that though the active peak memory of SplitPipe-RW and SplitPipe-BF is
obviously less than that of Split-NonPipe, performance of SplitPipe-RW is better than
SplitPipe-BF. This is because SplitPipe-RW adopts dynamic model loading strategy
whose memory consumption is approximate to that of the longest partial model with

the most layers.

In terms of per-round training time, Split-NonPipe outperforms SplitPipe methods.
Split-NonPipe achieves about 7%, 10.3%, 14.1%, and 7.3% less average round-time
than SplitPipe-BF when training LeNet, VGG16, ResNet50, and ResNet101, respec-
tively. The reason is that a partial model in the SplitPipe schema has to burden the
training task of multiple edge devices simultaneously. The high workload may cause
the tasks in the queue waiting to be processed, and thus lead to a long per-round
training time. Though SplitPipe-RW has to frequently write and read model weights
from the disk, its performance is only slightly worse than SplitPipe-BF, achieving
around 1.3s, 1.8s, 3.2s, and 4.5s more average round-time. This is because the model
parameters saving and loading time are much lower than the training time. We ob-
serve that the model saving and loading time is about 0.2s for the ResNet50 model

in the server.

Overhead The main overhead of the system comes from the running time of the
task scheduling algorithm. We test the algorithm execution time with the change of
number of edge devices. The algorithm is running on the FL server, which generate
the model splitting and bandwidth allocation strategy. As shown in Fig. for all
four models, the algorithm execution time increases with the number of edge devices.

Our algorithm is simple and efficient. When there are 30 edge devices, the running
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Figure 4.11: Impact of number of edge devices on system overhead.

time is approximately 1s. Even though there are 100 edge devices, the execution time
will not exceed 3s, which can be ignored compared to the training time of the four

models.

4.6 Conclusion

In this work, we propose EdgeSplit to accelerate federated learning on heteroge-
neous and resource-constraint edge devices. Through partitioning the full DNN model
adapting to the heterogeneous edge resources, EdgeSpit enables large model training
on low-resource edge devices and offloads part of the training task to the powerful FL
server to reduce model training time. Experiments under various settings show the
performance of EdgeSplit is not worse than vanilla FL. and its variant. When there is
relatively abundant average bandwidth, EdgeSplit can achieve apparent acceleration
by jointly deciding the optimal model partition point and bandwidth allocation for

each edge device.
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Chapter 5

Scheduling Model Inference Tasks

In this chapter, we design and develop an edge-native task scheduling system for
collaborative edge computing. This chapter is organized as follows. We present an
overview of this work in Section 5.1l Section [£.2] summarizes the related work and
articulates the motivations of this work. Section presents the system design of
distributed and collaborative edge intelligence for trustworthy and real-time video
surveillance. Section formulates the joint stream mapping and task scheduling
problem and elaborates on the proposed heuristic algorithm. Section shows the
system implementation and performance evaluation. Finally, Section concludes

this chapter.

5.1 Overview

Nowadays, cameras have been widely deployed in public and private areas, such as
traffic intersections, campuses, and grocery stores [129]|. Driven by the recent break-
through in machine learning, especially deep learning, we can perform advanced video
analytics from the camera streams with deep learning models [76]. Collaborative video

surveillance aims to analyze the live video streams from the distributed cameras to
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support a wide range of applications, including traffic control [68|, security monitor-
ing, and object re-identification [4]. Because many of these applications have high
requirements for real-time responses, it is highly demanded to achieve low-latency

and high-throughput video stream processing.

There are many existing cloud-based video surveillance solutions [49]. However, these
solutions are centralized and reactive [125]. More specifically, video streams collected
from different cameras are sent to a centralized cloud server for storage and analytics
[26]. Due to the massive data transmission among cameras and servers, such a cloud-
based approach incurs bandwidth congestion, single point of failure, low scalability,
and high latency. Furthermore, the cloud-based solutions raise privacy concerns,

especially when the videos are confidential, e.g., smart home and warchousing [19].

In the past few years, there have been emerging works of edge computing-based video
surveillance that can reduce latency, improve scalability, and provide better services
compared to centralized surveillance solutions. This is because the computation tasks
are pushed to network edges closer to the data sources [91]. Some existing edge
computing-based video analytics solutions have considered leveraging the spatial and
temporal correlations among different cameras to fully discover the correlation among
distributed cameras [45]. There are also proactive video surveillance solutions for
vehicle tracking using edge devices [115|. Some works further considered the aspects
related to workload balancing to improve the performance of each edge device and

the whole video analytics applications [120] [41].

To summarize, existing works mainly consider sending the video streams to a nearby
edge computing device, which may lead to overloading and degrade application per-
formance dramatically [123|. This is because the video analytic applications are
usually computation-intensive while multiple video streams share the limited com-
putation resources of a single edge device [124]. Some works handle the resource
constraints of a single edge device by offloading some computation tasks to the re-

mote cloud [49] [14]. However, it bears unpredictable latency and limited bandwidth,
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Table 5.1: Comparison of the related work of video analytics

Video Analytics Architecture Adaptive Model Stream
Solutions Workload ~ Offloading  Scheduling

VideoStorm [121]  Edge-Cloud X X X
Chameleon [46] Edge-Cloud X X X
NoScope [49| Edge-Cloud v v 4
STVT [115] Edge-Cloud v v v
LAVEA [119] Edge-Edge 4 4 4
VideoEdge [41] Edge-Edge v v v
Distream [120] Edge-Edge v v v
BCEI (this work) Edge-Edge 4 v 4

and privacy concerns [26]. Instead, this work leverages distributed and collaborative
edge intelligence, where geo-distributed edge devices collaborate by sharing compu-
tation and data resources in an edge network to accomplish the video surveillance

tasks.

This thesis proposes a distributed and collaborative edge intelligence (DCEI) ap-
proach to support trustworthy and real-time video surveillance. The proposed solu-
tion enables proactive video surveillance, where multiple cameras stream the video
to different edge devices sharing computation resources and data. The key challenge
is how to design approaches that can efficiently sense the status of underlying edge
resources and intelligently assign the computation tasks among the edge devices. We
thereby design an online collaborative scheduler, taking the status of the resources
of the distributed edge devices and the task characteristics as input and generating
the distributed task execution policies. We formulate a joint stream mapping and
task scheduling problem, which maps the video stream and distributes the compu-

tation tasks to multiple edge devices. By solving the problem, the scheduler decides
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which edge device the video stream should be assigned, how the tasks should be
partitioned, and where to execute the distributed tasks. Our system enables effi-
cient computation offloading and significantly improves resource utilization for edge
computing-based video surveillance. We have deployed a real-world prototype of
pedestrian re-identification to examine the practicability and high efficiency of DCEL.
More specifically, we deploy 7 Internet Protocol (IP) cameras at different locations
in an indoor environment to run the video surveillance task. These cameras send
video streams to a cluster of geo-distributed edge devices. The results show that the
proposed system can achieve nearly real-time performance. We have compared DCEI
with several benchmark solutions concerning various performance metrics, including
throughput and latency. The results show that DCEI outperforms the state-of-the-art
significantly.

The main contributions of this section are as follows:

e We propose distributed and collaborative edge intelligence (DCEI) approach,
which is the first to study the collaboration among geo-distributed edge devices

and generic for applications demanding trustworthiness and low latency.

e We apply DCEI for trustworthy and real-time video surveillance, in which we
have studied a joint stream mapping and task scheduling problem for the first

time and solved it using a heuristic algorithm.

e We deploy a real-world prototype of trustworthy and real-time video surveil-
lance and conduct extensive performance evaluation. The experimental results
indicate the superiority of DCEI over the benchmark approaches in terms of

latency reduction and throughput improvement.
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5.2 Related Work

Real-time video analytics has been considered a killer application of edge comput-
ing [3]. Existing edge computing-based video analytics solutions mainly rely on the
cooperation among cameras, edge devices, and cloud servers to accomplish real-time
data analytics for computation-intensive and bandwidth-hungry video surveillance ap-
plications. Among them, solutions based on edge to cloud collaboration |14}26,49,125]
and edge to edge collaboration [41,77,119] have attracted most attention.

Edge-Cloud collaboration. Edge-cloud collaboration-based solutions can provide am-
plest computation resources owing to the participation of the cloud platform. Many
initial efforts on video analytics have considered edge-cloud collaboration. Zhang et
al. |121] proposed VideoStorm, which leverages an online scheduler on a cloud server
cluster to process queries of thousands of video streams sent by edge devices. Other
works also study workload partition between edge and cloud. [14] divided the ResNet
Model into three parts, which are deployed at the end, edge, and cloud, respectively.
The three parts collaboratively perform the inference tasks submitted by users. [125]
adopted serverless-based infrastructures to facilitate fine-grained and adaptive parti-

tioning of cloud-edge workloads.

Although edge-cloud collaboration benefits from the paradigms of both cloud com-
puting and edge computing, it still suffers from unpredictable latency because of
the limited bandwidth between edge and cloud. Moreover, sending the confidential
video data to the cloud may cause privacy issues. Such solutions do not explore the

potential of collaboration among edge devices to share resources.

Edge-FEdge collaboration. Some works in literature have considered edge-to-edge col-
laboration, where each edge device collaborates with others to provide surveillance
services jointly. Neff et al. [77] proposed REVAMP?T, a pedestrian re-identification
algorithm that works on an encoded feature representation for each identified individ-

ual. Because no raw figure of pedestrians is shared among edge devices, the concern
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Figure 5.1: System model of distributed and collaborative edge intelligence system for video surveil-

lance

of privacy is dramatically reduced. Another work in [44] also showed the advantage
of leveraging spatial-temporal correlation to scale the video analytics systems to large
camera deployments. The work in presented the abstraction of camera clusters to
provide video analytics service. However, those existing works only support data-level

cooperation, and the distributed computation resources are not fully utilized.

Few attempts have been made to share computation resources among multiple edge
devices for video analytics. Yi et al. have designed LAVEA a low-latency video edge
analytic system that leverages nearby edge devices to reduce the overall task comple-
tion time . However, this work fails to consider collaborative video surveillance,
in which there are multiple video streams from different locations. Recent work Dis-
tream [120] adaptively balances the workloads across multiple intelligent cameras and
partitions the workloads between the smart cameras and the centralized edge clus-
ter. However, the edge devices in the cluster are not geo-distributed and deployed
in a centralized way, which ignores the data transmission cost and network topology

among edge devices.

Compared to existing works, this work enables collaboration among geo-distributed
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edge devices by sharing both computation and data resources. Moreover, it considers
the stream transmission cost in the edge network and optimizes the real-time perfor-
mance of video analytics applications by jointly scheduling the camera streams and
the machine learning (ML) models. Table shows a comparison of related works

on video analytics with our method.

5.3 System Design

This section first introduces the system model to deploy trustworthy and real-time
video surveillance applications. Then, we discuss the system’s key components to
manage edge resources and distribute the computation tasks among geo-distributed

edge devices.

5.3.1 System Model

Fig. depicts the overall architecture of our proposed distributed and collaborative
edge intelligence approach. Multiple cameras are deployed to perform trustworthy
and real-time video surveillance tasks in a large-scale area. Unlike the specialized in-
telligent cameras that can perform some computation-intensive video analytical tasks,
we use low-cost commodity-off-the-shelf cameras whose computation capabilities are
meager. Several geo-distributed edge devices with heterogeneous computation ca-
pabilities are deployed near the cameras to reduce the data transmission cost and
provide near real-time response. Edge devices and cameras are interconnected within
a network so that each camera can stream the videos to any edge device. Also, the

computation tasks and data can be shared within the edge cluster.

Unlike cloud-based and traditional edge-based solutions, our system creates a shared
resource pool with geo-distributed edge devices and cameras within a network. The

benefits of the shared resource pool are as follows:
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e FEfficient resource sharing and load balancing. With a shared resource pool,
the computation tasks can be migrated among edge devices to achieve load

balancing and reduce the risk of single-node failure.

o Flexible access to input video streams and intermediate data. Instead of con-
necting one edge device with one camera, each device in the cluster can process

multiple video streams, which facilitates effective data sharing.

o Optimized scheduling to accelerate inference. The computation tasks can be
partitioned and scheduled among edge devices to reduce the execution time by

jointly considering the computation and networking resources.

5.3.2 System Components

Our system enables distributed intelligence among geo-distributed edge devices, which
share both computation resources and data to accomplish the video surveillance tasks.
The key is to sense the distributed edge resources and intelligently distribute the com-
putation tasks among the resource-constraint edge devices, considering the underlying

edge resources’ task characteristics and status.

The system adopts a master-client architecture, where the master is responsible for
monitoring the edge resource status and scheduling decisions on partitioning and
distributing the computation tasks among the edge devices. The key components of

the system and their roles are described below.

e Scheduler. The scheduler runs at the master node and accesses the cluster
status by communicating with the controller, which continuously monitors the
workload and available resources of the cluster, such as network topology, data
transmission rate, idle computation resources, and storage capacities, of each
edge device. The scheduler generates task partition and resource allocation

policies with a scheduling algorithm running inside.
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e Controller. It monitors the edge resources by communicating with the monitors
on edge devices. Also, it manages the edge resource by messaging the task

partition and resource allocation policies to edge devices.

e Fxecutor. The executor receives the task execution policies from the controller

and executes the assigned tasks.

e Monitor. It monitors the networking and computation status of the edge device

and sends it to the controller.

e Database. Each edge device has its local database instead of directly sending
the inference results to the master node. The local database should be synchro-
nized periodically with the global database on the master node to facilitate the

distributed task execution and data sharing.

The general workflow of the system is described as follows. The computation tasks will
be submitted to the scheduler, which generates the task execution policies by jointly
considering the performance metrics of the task, available computation, storage, and
networking resources of the edge devices. The policies decide how the task should be
partitioned and where the task should be executed. More details will be presented
in Sec. 5.4l The run-time characteristics of tasks and the resource status will be sent

back to the controller by the monitor and used for future decision-making.

5.4 Joint Stream Mapping and Task Scheduling for

Pedestrian Re-identification

We showcase the DCEI system with an edge video analytics application, namely
pedestrian re-identification, empowered by deep learning models. We formulate a
joint stream mapping and task scheduling problem to optimize the application latency,

considering where to schedule the video stream and deploy the deep learning models.
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Figure 5.2: Model pipeline and task offloading of pedestrian re-identification

In this section, we first introduce the pedestrian re-identification pipeline. Then,
we illustrate the benefits of jointly considering stream mapping and task scheduling.
We mathematically formulate the problem and introduce the optimization algorithms

based on this.

5.4.1 Pedestrian Re-identification Pipeline

We target those applications that employ state-of-the-art neural network models to
conduct various challenging video analytic tasks. Examples include object attribute
recognition and object re-identification, human activity recognition, and many others
. Those applications typically adopts a cascaded architecture that leverages a
pipeline of neural network models to accomplish the video analytic task . The
pipeline usually consists of an object detection model followed by some task-specific
models to perform various tasks on the detected objects within a video frame, e.g.,

object type, color, and shape.

Without loss of generality, we use the pedestrian re-identification application as an ex-

ample. Pedestrian re-identification aims to associate images of the same person taken
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from different or the same cameras at different times. It is an essential technique
in video surveillance and has been widely applied in security areas such as pedes-
trian tracking, criminal event detection, and children remote monitoring |77 [4]. As
shown in Fig. [5.2] a general process of pedestrian re-identification can be abstracted
into a pipeline consisting of three phases, i.e., pedestrian detection, tracking, and
re-identification. A detection model will first process an input image to detect the
individual’s location, and the identified individual is tracked by monitoring the tra-
jectory. Afterward, discriminative features are extracted from the picture of tracked
pedestrians for comparison and re-identification. The pedestrian is then annotated
with the re-identification result during the later continuous tracking. The pipeline
shows that the re-identification model is not frequently called because the individual
will be assigned an ID and continuously tracked by the tracker once an individual is

re-identified.

Fig. also shows an example of distributed task execution policies. The pedestrian
re-identification application is partitioned into pedestrian detection, tracking, and
re-identification tasks. While the detection task and tracking are executed on edge
device 1, the re-identification task is executed on edge device n. Edge device 1 sends

the intermediate data to edge device n to accomplish the overall task.

We use two deep learning models for pedestrian detection and re-identification. The
execution time of pedestrian tracking is much less than detection and re-identification
as we do not adopt the computation-intensive deep learning (DL) models for tracking.
Hence, we only consider the detection and re-identification models in the problem

formulation part.
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5.4.2 Motivations of Joint Stream Mapping and Task Schedul-

ing

This section describes a concise example to show the motivations of joint scheduling
of the video streams and deploying ML models on the edge devices. We consider a
network consisting of three edge devices that are fully connected. The application
model consists of two dependent tasks, i.e., pedestrian detection and re-identification,
where we assume each task takes 1 unit of time to be executed on each device. There
are four cameras that can stream the videos to any edge device. The first scheduling
problem is to decide on the edge device where each camera stream the video. Once the
video is streamed to an edge device, the device will use the ML, model for the detection
task to detect any individual within the frame. The other ML model is to identify
the detected individual for the re-identification task. More specifically, the second
scheduling problem is to decide which edge device to offload the re-identification
ML model. The scheduling problems’ decisions are based on resource availability,

bandwidth constraints, and computation workload.

The scheduling result shown in Fig. [5.3|(a) is based on randomly deciding the mapping
of video streams from cameras to edge devices and locally executing the ML models
in the pedestrian re-identification application. Such random scheduling of camera
streams and no offloading leads to the possibility of multiple cameras streaming the
video to one overloaded edge device, while other edge devices can either be lightly
loaded or even have no workload. In our example scenarios, three cameras (a,b, c)
stream video to edge device 1, while camera d streams video to edge device 2, and there
is no video streamed to edge device 3. The completion time for this random scheduling
is high (6 units in our example) and not optimal as it leads to inefficient usage of device
resources. An improvement over the random scheduling is shown in Fig.[5.3|(b), where
we schedule the video streams from cameras while executing the ML models locally

on the edge devices. The scheduling of camera streams shown in Fig. [5.3(b) leads to a
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Figure 5.3: A motivation example of joint stream mapping and task scheduling: (a) random camera
streams and local execution; (b) scheduling camera streams and local execution; (c¢) random camera

streams and offloading ML models; (d) joint scheduling of camera streams and offloading ML models.

reduction in the completion time of the application from 6 to 4 units as it considers the
transmission time between cameras and edge devices. Another alternative approach
for improvement over the random scheduling is to make a scheduling decision on
offloading the ML model depending on the resource availability instead of locally
executing all the ML models as shown in Fig. |5.3{c). The scheduling result, shown in
Fig.[5.3|(c), also leads to a reduction in completion time from 6 to 4.5 units compared

to random scheduling.

Although scheduling camera streams or offloading ML models separately leads to
some improvements in terms of task completion time, there are still further spaces
for efficiently utilizing the geo-distributed edge resources. Fig. [5.3(d) shows a joint
approach of scheduling camera video streams and offloading the ML models, which
leads to the best performance in terms of application completion time compared to the

random or other scheduling approaches. We have designed an online scheduler in the
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proposed DCEI system to enable joint scheduling of camera streams and offloading
ML models in the pedestrian re-identification application scenario. The following
sections show the problem formulation and proposed solution for this joint scheduling

problem in a dynamic distributed edge computing environment.

5.4.3 Problem Formulation

A random mapping of the camera video streams to edge devices leads to an un-
balanced workload and inferior performance. We formulate a joint stream mapping
and task scheduling problem to improve resource utilization and boost application

performance.

We assume a quasi-static slotted time model, where it is assumed that in each time
slot ¢, the controllers are aware of the different network and device metrics required
to make the decision. The metrics for different resources are assumed to be constant
in a time slot. The system consists of K cameras. Each camera can stream the video
to any edge device in the cluster. The network and application model can be defined

as:

Network model. The network is modelled as a graph G = (V, E), where V = {i|1 <
i < M} is the set of edge devices and E = {e;;|i,j € V'} is the set of links connecting
different devices. The weight of each device is PS;, representing the computation

capacity of the device i. Each device also has a maximum resource of R: . and

%

tvail- We only consider the memory in this

the available resource is indicated by R
section for the various resources of edge devices, e.g., CPU, memory, and storage. The
weight of link e;; represents the bandwidth between devices ¢ and j. The devices and
network links can be heterogeneous in computation capacity and bandwidth capacity,

respectively. The data rate for transmission between any two edge devices is R;;. The

video transmission time between camera k and edge device ¢ is Tj.

Application model. The application model for the pedestrian re-identification applica-
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tion studied in this section is a sequential DAG of two dependent tasks, i.e., detection
and re-identification. The computation load for detection and re-identification tasks
corresponding to camera stream k is C'L;; and C'Lgy respectively. The dependent
data between the two tasks is D’fg. Resource request of the detection model and

re-identification model is Rfjfl and R:gfld, respectively.

Decision variables. Two decision variables correspond to mapping camera streams
and scheduling DL models. The first decision variable z;; is binary, which is equal
to 1 if camera video stream k is scheduled to device ¢. It also indicates that the
detection task is deployed on device i. Another decision variable y;;. is also binary,
which is equal to 1 if the re-identification task corresponding to camera video stream

k is scheduled to device .

Cost model. For each camera stream, either both the detection and re-identification
tasks can be locally executed, or the re-identification task can be offloaded to another
device. The time for executing the models on each device is dependent on the overall

workload and available computation capacity.

The total resource request on device i, notated as R;, can be calculated as follows:

K

k=1

The overall processing time for camera stream k, i.e. Ly, can be calculated as:

M M
Lk:E xz‘k'Tik-i-E Tk, *
i=1 =1

M M k
D o 5.2
P e 2ol ) >
/L’]

i=1 j=1

CLij; CL,,
PS5, +jzlyj’“' Ps,

VieV, ke{l,2,--- K}

where o(-) is an indicator function. Only when - is zero, o(-) equals to 1, otherwise
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o(+) equals to 0.

Objective function. The objective function of the problem is to minimize the sum of

completion time for all applications from camera streams.

Constraints:

R, <R VieV

M
=1 VjeV, ke{l2-- K}
=1

M
ZyikZI, VieV, ke{l,2--- K}
j=1

vy =1{0,1}, Vi,jeV, ke{l,2,---,K}

v = {0,1}, Vi,jeV, ke{l,2,--- K}

(5.6)

(5.7)

(5.8)

Eq. indicates that the resource request on an edge device cannot exceed its max-

imum resource. Eq. and Eq. show that the detection model and the re-

identification model of a stream can only be deployed on one edge device. The formu-

lated optimization problem is nonlinear integer programming (NLP) problem. The

problem is NP-hard because the offloading problem can be reduced to a generalized

assignment problem, proven to be NP-hard in literature.

5.4.4 Optimization Solution

We have proposed a joint stream mapping and task scheduling heuristic algorithm

(JSTSH) that determines where to schedule each video stream and which edge device

to allocate the detection and the re-identification task. The algorithm is developed

considering two main principles.
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Algorithm 7: Joint Stream Mapping and Tasks Scheduling Heuristic (JSTSH)

Input: Video stream V = {k;}X |, {PS;}}, and {ngail}zl\il
Output: Video and task allocation policy x;; and y;x
1 Create index [ of streams in descending order of workload;

2 fort <~ 1 to K do // Stage 1

3 k<« I(t);
4 for each device i <~ 1 to M do
5 if R} . > R then
6 Calculate the execution time t?,,. = Tj; + C]%;k;
7 end
8 end
9 Calculate device 7* with the shortest execution time ¢* = mmi{t{lm};
10 xi= ), < 1, update R;, for device i*;
11 end
12 for t < 1 to K do // Stage 2
13 k<« I(t);
14 for each device i <~ 1 to M do
15 if R} . > R¢4 then
16 Calculate the intermidiate data transmission time t%,,, =~ = z; - Zi’j,
17 Calcualte the inference time of detection model 77 ,, = leé;k,
18 Calculate the execution time ti .. =ti  +t .
19 end
20 end
21 Calculate device 7* with the shortest execution time ¢* = mmi{t{lm};
22 Add i to candidate list Myepioyed;
23 if Vyest # 0 then
24 Schedule remaining streams to the device that satisfies Eq.
25 end
26 Update R;. for device 1% y;» 5, < 1;
27 end

28 return x;, yip, 1 =1,2,--- M, k=1,2,--- | K
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o High workload first. Generally, the latency of handling video streams with high
workloads is much larger than those with moderate workloads. Suppose we
allocate edge resources to the video streams with a moderate workload first. In
that case, those video streams with a high workload may suffer from prolonged
latency when the rest of the edge resources are inadequate, further leading to
increased average latency of all video streams. Hence, we leverage a priority list

to rank all video streams according to their workloads.

e Reuse re-identification model. Following the pedestrian detection task, a re-
identification model is used to perform the re-identification task. In our pedes-
trian re-identification pipeline, the re-identification model is not frequently
called because an individual will be continuously tracked once the individual’s
ID is determined. For each video stream, if we jointly consider the deploy-
ment of the detection model and the re-identification model, it will lead to high
resource consumption. Hence, we consider the deployment of the two models
separately. When the available resources are constrained, the re-identification
model can be reused, which means a re-identification model can handle multiple

video streams.

Based on the two principles, we solve the problem in two stages. The first stage is to
schedule the video stream and the detection task. The second stage is to schedule the
re-identification task. We first determine the priority of stream scheduling by sorting
the video streams according to their workloads. Then in the first stage, we filter the
candidate edge devices with abundant resources to allocate the detection model. The
video stream is allocated to the edge device with minimum execution time, including

the raw video transmission time and the inference time of the detection model.

DY, CL
1,2 i 2.k

R. . PS. ), @ € Maeployed; k € Viest (5.9)
v, (2

min(z;y -
7

After determining x;,, we then allocate the re-identification models in stage 2. We
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use a similar greedy idea to allocate the re-identification models as stage 1 does. The
difference is that we consider the scenario that idle computation resources may be less
abundant for deploying a re-identification model for each stream. Hence, we reuse
the re-identification model, where a deployed model can serve multiple streams. To
determine where to deploy the re-identification model, we allocate the re-identification
models for those streams with high workloads. When the available resources cannot
support the deployment of new re-identification models, we reuse the re-identification
model. The rest of the streams V,.., will be allocated to the edge device, which satisfies
Eq. By solving Eq. [5.9] the rest of the streams will be scheduled to the deployed
re-identification model that can provide the least intermediate data transmission and

inference time.

5.5 Implementation and Performance Evaluation

This section presents the system implementation, evaluation metrics, and extensive
experimental results of the proposed distributed and collaborative edge intelligence

platform.

5.5.1 System Implementation

Testbed. We deploy the system in an indoor environment due to the privacy-preserving
policies of the campus. The floor is shown in the upper right of Fig. with the
size 30 x 15m?2. We implement the system with 7 IP cameras, 5 edge devices, and
1 master device. We use 3 Jetson Xavier NX and 2 Jetson Tx2 as the edge devices.
The Jetson Xavier NX has a 384-core Volta GPU with 8GB RAM, and the Jetson
Tx2 has a 256-core GPU with 8GB RAM. The computation capacity of the former
device is much stronger than the latter. Also, to emulate the heterogeneous resource,

we constrain the memory of Jetson Tx2 as 4GB. We use a powerful PC equipped with
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Figure 5.4: Demo of pedestrian re-identification (with mosaics for anonymization)

four Intel Cores i9-7100U with 32 GB RAM to emulate the master. Three routers
connect the edge devices and cameras. To avoid single node failure, we use a backup
server to synchronize the status of the master node and recover the system when
the master node goes offline. To emulate the distance between the cameras and the
edge devices, we use the Linux traffic control to configure the bandwidth between the

cameras, edge devices, and edge devices.

Pedestrian re-identification pipeline. In the detection part, we use SSD-MobileNet-
V2 to process the input image and locate pedestrians. SSD-MobileNet-V2 is
a lightweight deep convolution network that uses both depth-wise and point-wise
convolutions to decrease model complexity, i.e., the number of parameters and opera-
tions. We uses Kalman filter-based tracker due to its low computation cost compared
with DL-based approaches. Our target is to extract discriminative features for re-
identification. Considering the constrained resources of edge devices, we build the
feature extractor network with OSNet-AIN , which is light-weighted compared to
ResNet-50 and DenseNet . It can learn the global representation of the indi-
vidual’s appearance and capture the subtle details required for the re-identification
of individuals. We finetune the pretrained models of SSD-MobileNet-V2 and OSNet-
AIN. All the models are developed following serverless principles and called Restful

97



Chapter 5. Scheduling Model Inference Tasks

APIs [15].

We test the accuracy of the deep learning models. We run the system for a whole
workday, capturing around 346 pedestrians. Among which, 270 pedestrians are cor-
rectly re-identified with an overall accuracy of 78.3%. There are many false positives,
i.e., different pedestrians are not differentiated and thus identified with the same
identity, which is caused by differences in lighting and camera angles. More advanced
approaches can be applied to improve accuracy. However, it is not the focus of this

work.

Database. We use SQLite to record both the spatial and temporal information and
the discriminative pedestrian features, as well as the video analytics results. The
SQLite is a lightweight database often used in resource constraint embedded devices,
such as mobile phones, cameras, and home electronic devices. Each edge device has
its local database instead of directly sending the inference results to the master node,
which is usually vulnerable to an unstable network connection. The local database
should be synchronized periodically with the global database on the master node to
facilitate collaborative inference and pedestrian tracing. The synchronization period
is set to 10 seconds in our system. For example, when the data is not synchronized,
the video analytics results are still in the edge devices. The master will forward the

query request to edge devices and get the latest status from edge devices.

Fig. shows the system interface. The camera views are on the left side of the
interface, where we can monitor pedestrian behavior in real-time. Authorized users

can also easily query the pedestrian trajectory, as shown on the right side.

5.5.2 Evaluation Metrics and Experimental Settings

We use the two following metrics to evaluate the performance of the proposed ap-

proach:
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e Throughput. The cameras stream the input videos to the edge cluster contin-
uously, in which high throughput is required to process these incoming video
streams in real-time. Usually, Frames Per Second (FPS) measures the through-

put. We define the system throughput as the average FPS for all streams.

e Latency. Live video analytics applications require producing analytics results
within a short period. The task execution time for one stream includes video
transmission time, local execution time, task offloading time, and remote exe-
cution time. Since there is multiple input video stream, we define the latency

as the average task execution time for all streams.

The system schedules the video analytics tasks with stream mapping and task of-
floading (WMWO). We evaluate the system performance under different metrics and

compare it against several benchmark solutions.

e No mapping no offloading (NMNO). The input video streams are randomly

assigned to the edge devices, and all the computation tasks are executed locally.

e With mapping no offloading (WMNO). In this case, the input video streams
are assigned to the edge devices with the shortest video transmission time, and

all the computation tasks are executed locally.

e No mapping with offloading (NMWO). In this case, the input video streams
are randomly assigned to the edge devices, and the re-identification task can be

offloaded among the edge cluster.

NMNO and WMNO are non-offloading methods, and NMWO and WMWO are of-
floading methods. We test the performance of the proposed method and the baselines
under various situations, i.e., the number of edge devices, the number of pedestrians

in each input video stream, and different bandwidths of network links.
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Figure 5.5: Throughput vs. number of devices

5.5.3 Influence of Number of Edge Devices

The number of the input video stream is set to be 5. We increase the number of edge
devices from 3 to 7. As shown in Fig. 5.5 we can see that the proposed method,
i.,e., WMWO, achieves the highest throughput with the variation of the number of
edge devices. When there are more edge devices than the input video streams, the
NMNO method keeps the throughput consistent as it cannot utilize the computation
resources of other edge devices. The WMNO achieves a slightly high throughput
than NMNO as it maps the input video streams to edge devices, considering the
heterogeneous computation capacities of the edge devices. Compared with WMNO,
NMWO does not schedule the input video streams. However, it dynamically offloads
the re-identification tasks, which can alleviate the computation workload on a single
edge device and leverage the heterogeneous computation capacity of edge devices to

improve the average throughput.

Though WMNO and NMWO can achieve higher throughput by either optimizing the
stream mapping decision or the task offloading decision, their performance is not bet-
ter than WMWO as WMWO jointly considers stream mapping and task offloading.
WMWO achieves 14%-36% throughput improvement compared with baseline meth-

ods. It shows that our proposed method can integrate the heterogeneous resources
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Figure 5.6: Workload dynamics in real-world deployment

of geo-distributed edge devices and improve application performance by jointly opti-

mizing the mapping and offloading decisions to improve the application throughput.

5.5.4 Influence of Dynamic Workload

We study the performance of the proposed method and various benchmarks under
dynamical workloads with a varying number of pedestrians in the input video streams.
The number of video streams and edge devices is set as 4 and 5, respectively. Fig. [5.6
shows the workloads generated from the 4 cameras on a weekday between 12:00 to
12:30. The workload of each video stream varies with the number of pedestrians in
a video stream and is dynamic as the content captured by each camera changes over
time. We can also see that the workloads are different across cameras. CAMI1 and
CAM4 have a higher average workload than the other two cameras as they capture

people entering or leaving out the doors.

As shown in Fig. [5.7] while the throughput of NMNO and WMNO fluctuate a lot over
time, there is no noticeable change in offloading methods, i.e., throughput for WMNO
and NMWO. NMNO and WMNO show apparent performance degradation when there
is a high workload because edge devices with constrained resources may easily get

overloaded, further leading to the deterioration of the average throughput. Offloading
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methods show consistent performance because they leverage resource sharing and
schedule the dynamic workloads among edge devices. Similar trends are also observed
in terms of the latency of the application. From Fig. [5.8] we can also see that the
latency of offloading the task is similar to that of without offloading when there is a
low workload between 12:05 to 12:25, which is due to the data transmission latency of
offloading the re-ID task and getting back the re-identification results. When there is
a low workload, the data transmission latency is the main factor that constrains the
end-to-end latency of offloading methods. As the workload increases, the transmission
delay of intermediate data and model inference delay will increase. However, the

inference latency caused by overloaded edge devices becomes the main factor in this
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case. In this case, ofloading methods show apparent superiority.

5.5.5 Effects of Bandwidth

We also investigate the performance of the system in different bandwidth conditions.
Specifically, we leverage the Linux traffic control to manually set the bandwidth of
each link and study the system throughput under the average bandwidth of 5Mbps,
10Mbps, 20Mbps, and 30Mbps, respectively. The variance of bandwidth of network
links is 30%. For example, we increase the average bandwidth from 10 to 20 by

doubling the bandwidth of each link in the network.
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Chapter 5. Scheduling Model Inference Tasks

It can be seen from Fig. [5.9] while the throughput of non-offloading methods keeps
consistent, the performance of offloading methods degrades with the decreasing band-
width due to the increased transmission delay. When the average bandwidth is
30Mbps, the throughput of offloading methods is much better than that of the non-
offloading methods. When the average bandwidths are 5Mbps or 10Mbps, the per-
formance of offloading methods is similar to no-offloading methods. We find that
the performance of offloading methods is highly affected by the transmission delay,
as shown in Fig. [5.10] When there is a long transmission delay, the performance
of offloading methods is approximate to non-ofoading methods, which means that
the optimal policy in such cases is to execute the re-identification tasks locally, i.e.,

no-offloading.

The experimental results indicate that our proposed distributed and collaborative
edge intelligence (DCEI) approach can dramatically improve the real-time perfor-
mance of video analytics applications, especially when the resources of edge devices
are constrained. DCEI also shows superior performance in handling dynamic work-
loads as it integrates the geo-distributed resources and intelligently schedules the

video streams and the inference tasks.

5.6 Conclusion

This chapter proposes a trustworthy and real-time video surveillance system with
distributed and collaborative edge intelligence. We deploy the edge devices closer to
the cameras and create a distributed edge devices cluster where computation and data
resources can share within the cluster. We design a scheduler that jointly schedules
the camera streams to edge devices and offload tasks in the application pipeline to
improve resource utilization and performance. We have tested the efficacy of the

proposed solution with a pedestrian re-identification on a real-world prototype.
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Chapter 6

Conclusion and Future Directions

In this chapter, we conclude this thesis in Section and present future research
direction in Section [6.2]

6.1 Conclusion

In the past decade, due to the great advancement of deep neural networks, DL
models and algorithms have been extensively used in various applications, including
object detection, natural language processing, and autonomous driving. Tradition-
ally, DL models are trained and deployed on cloud data centers, as they are usually
computation-intensive and resource-greedy. Recently, edge computing has been pro-
posed to enable the training and inference of DL models on edge nodes at the network
edge closer to the data sources. However, the resource on edge nodes is usually con-
straint and may not be able to burden the training and inference tasks. Hence,
scheduling and distributing those tasks among distributed computing nodes is ur-
gently needed. However, scheduling those tasks in edge computing is vastly different
from that in the cloud, as edge nodes are distributed and heterogeneous, connecting

low-bandwidth and intermittent networks. It calls for new systems and algorithms.
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Chapter 6. Conclusion and Future Directions

In this thesis, we identify the challenging issues of scheduling Al tasks among edge
nodes and cloud servers for high-performance training and inference, and address sev-
eral critical issues. In Chapter [3] we design a edge-native task scheduling system to
optimize the performance of DNN training an inference tasks by jointly considering
the underlying edge resource status and DNN task characteristics. We then study the
training task scheduling and inference task scheduling in Chapter [4] and Chapter [5
respectively. More specifically, we propose EdgeSplit, a novel FL training frame-
work to accelerate FL on heterogeneous and resource-constraint edge devices without
compromising the accuracy in Chapter [df In Chapter [5] we designed a distributed
and collaborative edge intelligence (DCEI) approach to enable geo-distributed edge
devices collaborate sharing data and computation resources to perform computation-
intensive video analytics tasks. The solutions presented in this thesis servers as a
preliminary step towards ubiquitous intelligence and attract extensive attention from
both the academia and industries. We believe Al capabilities are embedded in every

edge and IoT device and are accessible everywhere.

6.2 Future Research

We close this thesis by providing some suggestions for future research. We vision
that the following two directions are worth further exploration for achieving high-

performance deep learning in edge computing.

e Decentralized scheduling framework. Traditional resource management
architecture usually adopts a centralized method, where there is a centralized
manager to sense the resource information of distributed client nodes and make
decisions of task partition and scheduling. The edge-native task scheduling
framework proposed in Chapter [3] is also based on centralized architecture.
However, considering the fact that the edge nodes and cloud servers may belong

to different stakeholders, it may be impossible to adopt centralized scheduling.
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6.2. Future Research

Hence, a decentralized architecture is needed, where a stakeholder centralized
make task scheduling decisions among its belonging nodes, and a decentralized

scheduling methods is adopted across stakeholders.

General programming model for efficient neural network partition.
In Chapter [3] and Chapter [5, we do partition the applications empowered by
AT models. However, we do not partition the model itself. We partition the
application DAG and pipeline respectively, where each module composed of
DNN model is allocated to an edge node. In Chapter[d] we do partition the DNN
model. However, the implementation is based on CNNs, which have layered
neural network architecture. For RNN [96] and more sophisticated transformer
model [106], they have more complex architecture, which usually cannot easily

be partitioned.

Current programming tools, such as Pytorch and Tensorflow, support manually
partitioning the DNN models, e.g., specifying the partition points when pro-
gramming the model. However, they do not support dynamically partition the
model at runtime. For example, partitioning a model and distributing it to dis-
tributed edge nodes based on resources and communication conditions so that
the training and inference performance can be optimized. We will seek more
general methods to do the splitting. One possible direction is computational
graph partition. In fact, current deep learning libraries, such as Pytorch and
Tensorflow, will transform the neural networks into graphs during execution.

Partition of the transformed graph is a promising solution [82].
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