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Abstract—With the ever-increasing data processing capabilities of edge computing devices and the growing acceptance of
running social sensing applications on such cloud-edge systems,
effectively allocating processing tasks between the server and
the edge devices has emerged as a critical undertaking for
maximizing the performance of such systems. Task allocation
in such an environment faces several unique challenges: (i) the
objectives of applications and edge devices may be inconsistent
or even conflicting with each other, and (ii) edge devices may
only be partially collaborative in finishing the computation
tasks due to the “rational actor” nature and trust constraints
of these devices, and (iii) an edge device’s availability to
participate in computation can change over time and the
application is often unaware of such availability dynamics.
Many social sensing applications are also delay-sensitive, which
further exacerbates the problem. To overcome these challenges,
this paper introduces a novel game-theoretic task allocation
framework. The framework includes a dynamic feedback
incentive mechanism, a decentralized fictitious play with a new
negotiation scheme, and a judiciously-designed private payoff
function. The proposed framework was implemented on a
testbed that consists of heterogeneous edge devices (Jetson TX1,
TK1, Raspberry Pi3) and Amazon elastic cloud. Evaluations
based on two real-world social sensing applications show that
the new framework can well satisfy real-time Quality-of-Service
requirements of the applications and provide much higher
payoffs to edge devices compared to the state-of-the-arts.

I. I NTRODUCTION
This paper targets at task allocation for delay-sensitive
social sensing applications in heterogeneous edge computing
systems. In recent years, social sensing has emerged as a
new networked sensing application paradigm where humans
and devices on their behalf are used as “sensors” to collect
real-time measurements about the physical world [1], [2].
This paradigm is motivated by the proliferation of portable
devices, ubiquitous network connectivity, and the advance in
the Internet of Things (IoT). Typical social sensing applications include real-time traffic monitoring using mobile apps
[3], obtaining real-time situation awareness during disaster
events via online social media [4], and object tracking
using portable video devices [5]. Many of these applications
are delay-sensitive which require a timely response to the
requests from the application users (e.g., querying real-time

traffic condition). One key limitation of current social sensing solutions is that data processing and analytics are often
done in the “back-end” (e.g., commercial cloud platforms,
dedicated servers) [6]. Such design largely ignores the fact
that moving data to the “back-end” may induce significant
delay to the applications and bandwidth requirement to the
communication infrastructure.
Edge computing has become a new computing paradigm
that pushes the frontier of computation, data, and services
away from centralized servers to the edge [7]. In this paper,
we propose a Social Sensing based Edge Computing (SSEC)
paradigm where the privately owned sensing devices (e.g.,
smartphones) are used as the computational resources at
the edge of the network to process the data collected from
social sensing applications. The advantages of the SSEC
paradigm are multi-fold: (i) social sensing applications can
process the sensing data right at the edge devices where the
data has been collected, which could significantly reduce
the communication costs (e.g., bandwidth) and improve the
Quality of Service (QoS) (e.g., delay) of the applications; (ii)
social sensors (e.g., owner of the edge devices) can obtain
payoffs/rewards by leveraging the idle resources of their
devices to execute the computing tasks for the application;
(iii) the edge computing architecture does not suffer from
the single point of failure and alleviates the performance
bottleneck of the “back-end” solutions. However, there exist
a few important challenges in supporting delay-sensitive
social sensing applications in edge computing systems.
In this paper, we focus on the critical problem of allocating delay-sensitive social sensing tasks to heterogeneous
edge computing devices. We consider edge devices (often
owned by end users) to be rational actors in general (e.g.,
they are not interested in executing the sensing tasks or
sharing their private device status unless incentives/payoffs
are provided) [8]. This feature is unique in the edge computing system and in sharp contrast to the often-used “backend” based solutions where all computational nodes are fully
cooperative and the information is shared among all nodes
[9], [10]. In particular, there exist a number of challenges
in allocating delay sensitive social sensing tasks in edge
computing systems.

Competing Objectives: An application and edge-device
users may have inconsistent and even conflicting objectives.
From the application’s perspective, it is important to ensure
that the edge devices finish the allocated social sensing tasks
in a timely fashion to meet the Quality of Service (QoS)
requirements. In contrast, privately owned edge devices are
often less concerned about the QoS of applications and
more concerned about their own costs (e.g., device’s current
utilization, energy consumption, memory usage) and payoff.
Incomplete Information: In the edge computing setting,
the server often does not have full information about the
edge devices. This is because of: i) the privacy concerns of
end users; ii) the excessive overhead of synchronizing each
devices’ status to the server.
Constrained Cooperativeness: previous studies showed
that collaboration among computation nodes can significantly improve the efficiency of resource utilization in distributed systems [11], [12]. However, collaboration among
edge devices in SSEC is especially challenging because the
edge devices are often privately owned by individuals who
may not always be willing to share the resource of their
devices through collaboration without any incentives [8].
In this work, we assume edge devices are rational actors
who are unwilling to collaborate with others unless potential
incentives are provided.
Task and Trust Constraints: Various constraints also significantly increase the difficulty of performing task allocation for social sensing applications. First, social sensing
applications often consist of complex work-flow of interdependent tasks where it is crucial to explicitly consider the
dependencies among tasks [13]. There also exist trust constraints that prohibit the collaboration and communication
among arbitrary edge devices (e.g., the users of edge devices
often configure the devices to only collaborate with the ones
they trust.).
Dynamic Availability: the cost of an edge device and its
willingness to execute social sensing tasks can change over
time. For example, a user might be less willing to run an
edge computing task if she/he uses the phone for video
games, which causes a high background utilization on the
phone. Failure to capture such dynamics in availability may
lead to significantly inferior task allocations where the cost
of edge devices to complete a task is too high or against its
will.
Existing task allocation schemes in social sensing applications are often “top-down” by assuming that a centralized
decision maker (e.g., a project manager or a server-level
task allocation coordinator) makes the decision on when and
where a task should be executed based on the computation
power and real-time status of the devices [13]. Many of
these approaches address the challenges of “task dependencies” [14] and “trust constraints” [15]. The underlying
assumption of these approaches in incorporating the constraints is that the server has full control over and full infor-

mation of the computation resources. However, such “topdown” approaches do not fit well with the edge computing
paradigm where the server has little or no information about
the private status of the edge devices and the edge devices
may not always be willing to execute the tasks allocated by
the server [16].
An initial effort has been made to address the rational nature of edge devices by developing a Bottom-up
Game-theoretic Task Allocation (BGTA) solution [8]. This
“bottom-up” approach addresses the challenges of “incomplete information” and “competing objectives”. However,
BGTA assumes edge devices are all selfish and no collaboration between them is allowed. Therefore, BGTA fails
to address the “constrained cooperativeness” challenge and
provide suboptimal performance (discussed in Section VI).
Moreover, BGTA does not consider the task and trust
constraints challenge by assuming no task dependency exists
and edge devices can communicate arbitrarily without trust
constraints. Such assumption is impractical in real-world
social sensing scenarios [15]. We also note that simple
extensions of BGTA cannot solve the problem discussed in
this paper due to the fundamental change of the task models
and cooperative-competitive assumption of the edge devices
(detailed in Section III).
Furthermore, the proposed framework shares some similarities with existing systems such as HTCondor [17] and
Femtocloud [18] that also leverage the spare sources of
devices owned by individual users. For example, the HTCondor harnesses the idle computational cycles from distributed
workstations to accomplish computation tasks. The more
recent FemtoCloud system is a dynamic and self-configuring
system architecture that enables privately owned mobile
devices to be configured into a coordinated computing
cluster. However, both HTCondor and FemtoCloud assume a
centralized decision maker in the system to perform the task
allocations. In contrast, the task allocations are performed on
the distributed edge devices in our system to i) address the
unique incomplete information challenge discussed above in
SSEC, and ii) allow the edge devices to maximize their own
payoffs.
In this paper, we develop a cooperative-competitive (i.e.,
co-opetitive) game-theoretic task allocation framework, referred to as CoGTA, for delay-sensitive social sensing applications in edge computing systems. CoGTA addresses a few
critical challenges that have not been addressed in BGTA.
In particular, to address the constrained cooperativeness
challenge, we develop a Decentralized Fictitious Play with
Negotiation scheme that models the collaboration between
devices as “producer-consumer” and allows edge devices
to naturally form collaboration while pursuing their own
benefits. To address the task and trust constraint challenge,
we develop a judicially designed payoff function and negotiation protocol that ensures the various constraints are
satisfied in the co-opetitive task allocation process. Finally,
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to address the dynamic availability challenge, we propose
a Dynamic Incentive Adjustment scheme that provides
incentives for edge devices to comply with the server’s
requirement. We implemented a system prototype of CoGTA
using RaspberryPi3, Nvidia Jetson TX1, and Jetson TK1
boards as edge devices and Kubernetes and AWS as the
elastic cloud servers. The proposed framework was evaluated
using two real-world delay-sensitive social sensing applications: Abnormal Event Detection [19] and Real-time Traffic
Monitoring [20]. We compared CoGTA with the state-of-theart task allocation schemes used in edge computing systems.
The results show that our scheme achieves a significant
performance gain in terms of meeting the objectives of both
applications and edge devices (e.g., our scheme achieved
up to 36% decrease in end-to-end delay for the application
and 77% more payoffs for edge nodes compared to the
baselines).

and Davies proposed an elegant solution by introducing
an intermediate layer (i.e., “Cloudlet”) located between the
cloud and mobile devices to address the high latency issue
between edge devices and servers [7]. Gao proposed a probabilistic computational offloading framework that offloads the
computation tasks to the mobile devices [28]. Kosta, Aucinas, Hui, Mortier, and Zhang proposed an energy-aware code
offloading framework to dynamically switch between edge
devices and cloud servers to improve the energy efficiency
of the system [29]. Recently, Saurez, Hong, Lillethun, Ramachandran, and Ottenwälder proposed “Foglet”, which is
a programming infrastructure for Geo-Distributed situation
awareness applications in the fog. Foglet jointly addresses
resource discovery, incremental deployment, and live task
migration commensurate with application dynamism and
resource availability [30]. Our proposed CoGTA framework
is complementary to the above related work in that we
consider the partial cooperativeness and availability issues
in the landscape of edge computing systems.

II. M OTIVATION AND R ELATED W ORK
In this section, we discuss the motivation and related
work.

B. Task Allocation in Real-Time Systems
Computational task offloading for delay-sensitive social
sensing applications bears similarity with task allocation in
real-time systems. Task allocation is a fundamental problem
in real-time systems and both centralized and distributed
solutions have been developed to address this problem [9],
[10], [31]. For example, Zhu et al. proposed a Mixed Integer
Linear Programming based approach to meet the deadlines
and minimize the end-to-end latency in hard real-time systems [14]. Su and Zhu developed a mixed criticality task
allocation model to maximize the number of low-criticality
tasks being executed without influencing the timeliness of
high-criticality tasks [9]. A set of task allocation schemes
have been developed to optimize hardware reliability and
energy efficiency in real-time systems [10], [32]. Most of the
above schemes adopt a centralized approach that employs a
central decision maker to allocate tasks in the system. Such
an approach fails in the edge computing systems where the
devices might refrain from providing necessary information
to accomplish the centralized task allocation [8].
Decentralized task allocation schemes have been developed to address the above limitation. For example, Ahmad,
Ranka, and Khan proposed a game theoretic approach for
scheduling tasks on multi-core processors to jointly optimize
performance and energy [33]. Bertuccelli, Choi, Cho, and
How proposed a decentralized task allocation protocol in
a dynamic and uncertain environment [31]. However, these
decentralized schemes cannot be directly applied to our task
allocation problem because they assume cooperative and
controlled resources and ignore the “rational actor” nature
and the availability issues of end users in edge computing.
In contrast, our work proposes a co-opetitive game theoretic
approach to overcome the challenges introduced by the
competitiveness and availability issues in the edge devices.

A. Edge Computing for Delay-Sensitive Social Sensing
Social sensing has received a significant amount of attention due to the proliferation of low-cost mobile sensors
and the ubiquitous Internet connectivity [1], [2]. A large
set of social sensing applications are sensitive to delay, i.e.,
have real-time requirements. Examples of such applications
include intelligent transportation systems [21], video crowdsourcing from mobile devices [22], urban sensing [23], and
disaster and emergency response [24]. For instance, one case
study in this paper considers Abnormal Event Detection, an
application whose goal is to identify anomalies from video
footages collected by IoT and personal devices and provide
alarms for potentially malicious events (e.g., speeding, trespassing unauthorized area) [19]. Clearly, the processing of
the video footages and detection of malicious events should
be completed under certain real-time constraints. Otherwise,
the resultant information would significantly lose its value.
Edge computing systems (encompassing sensors, edge
devices and servers in the cloud) are a natural platform for
social sensing applications. A comprehensive survey of edge
computing is given by Shi, Cao, Zhang, Li, and Xu [25].
For today’s social sensing applications, sensors are typically
assumed to have limited memory, battery, and computation
power. Hence heavy data analytic tasks are transferred, i.e.,
offloaded, to external servers or devices [26]. Pushing all the
computation tasks to the remote servers can be rather ineffective particularly for delay sensitive applications due to the
limited network bandwidth and high communication latency.
Various works have focused on offloading computation tasks
to the edge devices, which are often closely connected
to sensors, to reduce communication costs and application
latency [27]. For example, Satyanarayanan, Bahl, Caceres,
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C. Game Theory for Resource Allocation
Game theoretic approaches have been widely adopted
in resource allocation problems in cloud computing and
distributed systems [11], [34], [35]. For example, a set
of works have been proposed to adopt game theory to
determine the optimal pricing for cloud resources [36],
[37]. Pathania, Venkataramani, Shafique, Mitra, and Henkel
proposed a decentralized game-theoretic task scheduling
scheme for many-core systems to improve scalability and alleviate the computation bottleneck of centralized scheduling
algorithms [35]. Zhang et al. developed a game-theory based
approach to assign computation tasks to non-cooperative
edge devices with dynamic incentives by considering the
conflicting objectives between edge devices and applications [8]. Liu, Khoukhi, and Hafid proposed a decentralized
data offloading scheme using the multi-item auction and
congestion game approach to allow edge devices to decide
the optimal strategy for offloading tasks to the cloud [38].
Our CoGTA framework differs from the above solutions in
that i) it explicitly considers the co-opetitive nature of edge
devices as well as the task dependencies and trust constraints
in the task allocation model; ii) it explicitly considers the
dynamic availability of edge devices which has not been
fully addressed by the above solutions.

Figure 1: Social Sensing in Edge Computing
DEFINITION 1. Edge Device Status: An edge device
status defines the operating state of the edge device at
a given time. It consists of an edge device’s hardware
specification, battery status, location, CPU utilization, and
available memory.
We further assume that communication among edge devices is constrained by the trust and privacy concerns of
their end users. This assumption is motivated by the observation that edge devices owned by end users without trust
relationship may not be able to directly communicate with
each other (e.g., due to the privacy settings of the users)
[39]. We describe such constraints as a Trust Graph:

III. P ROBLEM F ORMULATION
In this section, we elaborate the co-opetitive task allocation problem for delay-sensitive social sensing applications
in edge computing systems. We first present the system
models and assumptions for our problem formulation. We
then formally define the objectives of our problem.

DEFINITION 2. Trust Graph Gdev : an undirected graph
Gdev = (Vdev , Ldev ). If there is a link (x, y) ∈ Ldev
between Ex and Ey , it means that Ex and Ey trust each
other. For example, edge devices that belong to users who
are friends or from the same institution may trust each other.
We assume untrusted edge devices cannot communicate with
each other.

A. System Models and Assumptions
Figure 1 depicts a high-level view of the CoGTA framework. In this framework, a project manager (resides on the
server) launches a delay-sensitive social sensing application
that constantly collects sensor data about the physical world
via mobile devices (e.g., laptops, drones, smartphones, automobiles). We refer to these devices as edge devices. The
edge devices may not be constantly connected to the network
and often have a limited battery, bandwidth, memory and
computation power [25]. Let EN = {E1 , E2 ...EX } denote
the set of all edge devices in the application. These edge
devices are not only able to collect sensor data but also
perform some computation tasks to reduce the burden of
the back-end servers. The back-end server is a remote
processing unit responsible for task distribution and data processing/analytics. A back-end server is often a powerful and
controlled system (e.g., dedicated virtual machines, cloud
platforms) that is directly managed by the project manager.
We assume the edge devices have constantly changing device
status and do not share the dynamic status of the server due
to the privacy concerns and synchronization overhead.
We now introduce a few terms used in our model.

In a practical setting, we can also allow the end users to
configure their trust constraints. For example, an end user
can make his/her device as “public”, or by setting it to be
visible to a specific set of devices. With the help of device
authentication schemes [40], [41], end users can authenticate
the devices they trust and work collaboratively in CoGTA.
Next, we discuss the task model in our framework. A
social sensing application is assumed to have a set of Z jobs,
Job = {J1 , J2 , ...JZ }, which are initialized by the server at
the beginning of each sensing cycle (i.e., sampling period).
Each job converts the raw sensor input data to the final
analysis results. We adopt a frame-based task model [42]
commonly used in the real-time system community where
jobs are periodically initialized and have the same period
and deadline. We use ∆ to denote the common deadline of
all the jobs in an application. ∆ captures the user desired
QoS in terms of when the jobs should be finished.
To accomplish the data processing function, each job
consists of one or more tasks that have dependencies among
one another [43]. Each task is associated with a 3-tuple:
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τi = {VIi , VOi , ci,x } where VIi is the data volume to be
processed by task τi and VOi is the size of the output. ci,x is
the estimated worst-case execution time (WCET) if τi is assigned to edge device Ex , 1 ≤ x ≤ X. We adopt the method
in [44] where the execution time of a task can be derived as
a function of the CPU cycle of a task, the CPU frequency,
and the background utilization of the device. In particular,
we have W CET = CCi /(F reqx × (1 − BUx )) + C,
where CCi is the total CPU cycles of a task, F reqx is
the CPU frequency of Ex , BUx describes the background
CPU utilization of Ex that is caused by other applications
running on the same system. C is a constant to provide a
conservative (worst case) estimation of the execution time.
The dependencies among the tasks in an application are
modeled by a task dependency graph defined below.

the incentive mechanism is critical in aligning the competing objectives of end users and the social sensing
application in our model.
• We assume the sensor data is collected and processed
in a streaming fashion and no latency is expected if
both sensing and processing are done on the same edge
device. However, the transmission delay is considered if
the sensor data is sent to other edge devices for further
processing over the network. We assume the proposed
task allocation algorithm is running as a client app on
each participant’s edge device and it decides whether
the sensor data should be processed locally or offloaded
to other devices.
We discuss how to deal with situations where such assumptions are not satisfied in Section VII.

DEFINITION 3. Task Dependency Graph (Gtask ): a
directed graph Gtask = (Vtask , Ltask ) where vertex Vi ∈
Vtask represents task τi ; link (τi → τj ) ∈ Ltask signifies
that the input of task τj depends on the output of task τi
(Figure 2).

B. Objectives
Based on the definitions, assumptions and system models,
we formally define the objectives of CoGTA. Our goal is
to develop a co-opetitive task allocation scheme that can
best meet the objectives of both sides. To model the QoS
requirement, we define end-to-end delay (E2E delay) of a
job as:

For a given application, we assume that a total of N tasks
(from all Z jobs) are to be processed in each sensing cycle,
i.e., T = {τ1 , τ2 , ..., τN }.
Energy consumption is a major concern for most edge
devices. In this paper, we adopt a relatively simple energy
model since it is sufficient for demonstrating how CoGTA
can take energy into consideration during the task allocation
process1 . Given the WCET of task τi , ci,x , the energy
consumed by executing τi on edge device Ex is computed
as
ei,x = P owerx ∗ ci,x ,
(1)

DEFINITION 4. End-to-end delay of a job (Lz ): the total
amount of time taken for a unit of sensor measurement data
(e.g., a video frame) to be processed by all tasks in Jz .
It includes the total computation time of Jz and the total
communication overhead.
Our task allocation problem can be formulated as a multiobjective constrained optimization problem that targets at
finding a task allocation scheme to

where P owerx is the average power consumption of edge
device Ex and is calculated by
P owerx = P owercomp,x + P owertrans,x

maximize: ux , ∀1 ≤ x ≤ X (edge device’s objective)

(2)
minimize:

where P owercomp is the power consumption for computation and Ptrans is power for data transmission via wireless
network and is proportional to the data size been transferred.
Finally, we summarize a few additional assumptions we
made in our model:
• We assume edge devices are not malicious (e.g., give
fake task outputs) or lazy (i.e., intentionally postpone
task executions).
• We assume edge devices do not quit or join the system
within a sensing cycle.
• We assume end users are willing to provide part of
their computation resources and energy by receiving
incentives. Similar to the prior work on incentive
mechanisms in crowdsourcing [45]–[47], we assume

Z
X

δz , ∀1 ≤ z ≤ Z (application’s objective)

z=1

s.t.: Gtask , Gdev are satisfied
(dependency and trust constraints)
(3)
Here ux is the payoff that edge device Ex receives by
executing tasks. It defines the individual gain of an edge
device and more details on ux are given in Section IV. δz
is a binary variable, δz = 1 if job Jz misses the deadline
and δz = 0 otherwise. It is well known that the task
allocation problem for heterogeneous distributed systems is
in general NP-hard [48], [49]. The problem becomes more
challenging in this multi-objective formulation where the
objectives of the application and edge devices are potentially
conflicting and additional constraints from tasks and devices
are imposed. In the next section, we introduce our CoGTA
solution to this problem.

1 The CoGTA framework can be readily extended to more complicated
energy models, e.g., supporting multiple voltage/frequency levels. The
details are omitted due to page limit.

5

IV. C O - OPETITIVE G AME - THEORETIC TASK
A LLOCATION

Though the game set up in [8] provides an effective
approach for bottom-up task allocation, it cannot handle task
dependencies nor trust constraints. It also assumes that edge
devices are selfish and no collaboration is allowed between
them. In contrast, our new CCG framework significantly
extends the previous game model by explicitly incorporating
the cooperation among devices under task dependency and
trust constraints. This is achieved by a complete redesign of
payoff functions and the negotiation process. Next, we first
introduce a few key terms and notations for the CCG game
and then discuss our new payoff functions and negotiation
process.
A CCG is described by a tuple (H, EN, J, T, S, Ψ, π, R)
where H is the game host (i.e., the server) and EN is a
set of X players (i.e., edge devices). J is a set of Z jobs
and T is a set of N tasks as discussed in Section III. Ψ
represents the task allocation strategy space for all players:
Ψ = Ψ1 × Ψ2 × ... × ΨX where Ψx represents the strategy
space of player Ex . We define a Strategy Profile S as
a set of individual task allocation strategies, i.e., S =
{s1 , s2 , ..., sX } ∈ Ψ, where sx denotes the strategy (i.e.,
which tasks to execute) on edge device Ex . Intuitively, each
edge device incurs a cost (such as energy) to execute tasks.
Unless there is some incentive, no devices would be willing
to execute tasks. This obviously conflicts with the objective
of the application. Thus, our CCG model provides rewards to
encourage edge devices to execute tasks. Such rewards can
be monetary rewards (e.g., cash or virtual currency) or nonmonetary (e.g., contribution/experience scores, competitive
rankings, virtual badges), which are often adopted in social
sensing applications [50].
In the CCG model, the server assigns a reward to each
task. Specifically, R = {R1 , R2 ..., RN } is the set of rewards
provided by the application and Ri is the reward for task τi .
The cost function is associated with the edge devices, where
π is a cost function vector π = {π1 , π2 , .., πX } and element
πx represents the cost of edge device Ex to execute the
allocated tasks based on strategy sx . To capture the dynamic
availability of the edge devices, we model the cost πx to
explicitly consider the costs of edge device Ex as:

An overview of the CoGTA framework is given in Figure 2. The framework consists of three major components: i)
a novel Cooperative-Competitive Game (CCG) that models
the competing objectives between edge devices and applications; ii) a Decentralized Fictitious Play with Negotiation
(DFPN) scheme followed by edge devices to make local decisions and autonomously form collaborations to maximize
individual payoffs while obeying the task dependency and
trust constraints; iii) a Dynamic Incentive Adjustment (DIA)
scheme that dynamically tunes the incentives to address the
dynamic availability of end users while ensuring QoS of the
application. We present these components in detail below.

Figure 2: Overview of CoGTA
A. Cooperative-Competitive Task Allocation Game
The Cooperative-Competitive Game (CCG) is designed
to specify the roles and protocols of the server and the
edge devices in performing the task allocation. The highlevel setup of the game adopts the bottom-up task allocation
framework proposed in [8]. In particular, the protocol of the
game is as follows:
1) At the beginning of a sensing cycle, the server defines
Z jobs, the task dependencies and the reward for each
task.
2) Each edge device picks a strategy that has the best
payoff for itself via a fictitious play with negotiation
process (refer to the next subsection for details).
3) If multiple devices choose the same task, for fairness,
we randomly assign this task to one of the competing
devices (tie breaking). We refer to one round of this
task allocation process as an “iteration”.
4) Within each iteration, we assume each edge device is
myopic and only picks one task at a time.
5) Keep iterating until all tasks are picked. Then each
device starts to process the tasks it picked.
6) Devices send outputs of executed tasks to the server to
claim rewards, the server observes QoS performance
loss, and then updates rewards for the next sensing
cycle.

πx =

(
ex = ci,x ∗ (P owercomp,x + P owertrans,x ),
∞, ηb,x ≤ thresb
(4)

where ex is the energy consumed by running task τi on
Ex ,and ηb,x is the remaining battery of Ex . The intuition
here is that an edge device would be less willing to execute
a task if i) the energy cost if too high; or ii) the device is
running low on battery.
After defining the cost and reward of the CCG, we now
introduce the set of payoff functions for a strategy profile S
and denote it as U (S) = {u1 , u2 , ..., uX }, where ux is the
6

payoff function of edge device Ex . Specifically, we have:
ux = g(Rx , πx , sx , s−x )

reward with the actual time it takes for the edge device to
finish it. The penalty function is derived as:

∆

, td(x, H) + ci,x < ∆
li,x,H = ∆ − (td(x, H) + ci,x )

∞,
td(x, H) + ci,x ≥ ∆
(7)

(5)

Here s−x represents the task allocation strategies for other
edge devices. The payoff function models how much benefit
edge device Ex can gain if strategy sx is taken by the device
given other devices’ strategies. The goal of each edge device
is to maximize its own payoff, namely:
argmax ux

where td(x, H) denotes the transmission delay from Ex
to the server (H) and ci,x is the WCET of τi defined
in Section III. The intuition of this penalty function is to
penalize “lazy but greedy” edge devices who want to get the
high rewards for picking many tasks but fail to process them
efficiently. Specifically, the closer the total delay (execution
time+transmission delay) of a task is to the deadline, the
higher the penalty is.
The edge devices can calculate td(x, H) + ci,x by 1) first
deriving ci,x by performing schedulability analysis and 2)
estimating td(x, H) based on the latency, bandwidth and the
data volume to be transmitted to the server. We assume that
edge devices acquire the location of the server (to estimate
latency) and the bandwidth when it first joins the application.
Given the above definitions, we formally derive the payoff
functions, a key element in the CCG. The payoff functions
are associated with each edge device’s strategy and contain
several different forms to capture the various execution
scenarios. Assume that device Ex picks task τi in an iteration
and d(i) is the number of devices that pick τi . Based on the
reward, penalty and cost, we define the payoff function uH
i,x
of edge device Ex for finishing task τi and offloading the
rest of the job to the server as:

Ri ∗ (∆ − (td(x, H) + ci,x ))
Ri
Exp(
)=
H
π
∗
l
∆ ∗ d(i) ∗ ex
ui,x =
x
i,x,H

0, li,x,H = ∞ or πx = ∞
(8)

(6)

sx

B. Payoff Function with Supply Chain Model
A key contribution of CoGTA is to allow cooperation
between rational edge devices while considering the task
dependencies described by Gtask and the trust constraints
between devices given by Gdev . The main idea of the
designed solution is to define three distinct payoff functions:
i) a payoff function that captures the benefit of executing
the task and sending the execution result to the server; ii)
a payoff function that captures the benefit of transferring
a task to another edge device; and iii) a payoff function
that captures the benefit of accepting a task from another
edge device. In contrast to the BGTA framework which
only considers the first type of payoff, CoGTA provides
edge devices the option to trade tasks that give them better
payoffs. This provides the basis for CoGTA to address the
constrained cooperativeness challenge in the edge. Below,
we first define a key term and then present the payoff
functions.
DEFINITION 5. Task Delegation and Collaboration:
task delegation refers to the process where an edge device
transfers the output of a task to another edge device for further processing. Collaboration between two devices happens
when a device (referred to as “producer”) is delegating its
task to another device (referred to as “consumer”).

where Exp(·) finds the expected payoff, which is simply
the original payoff divided by the number of devices that
pick the tasks due to the tie breaking process. In the above
equation, the payoff of executing a task depends on the
expected reward (absolute reward discounted by the delay
Ri
penalty) (Exp( li,x,H
)) per unit cost of energy. Intuitively,
the higher energy cost or the lower expected reward of a
task, the less likely an edge device will pick that task.
We further derive the payoff of performing collaboration
between devices. For a task delegation, we assume Ex is the
producer of task τi ’s output and Ex0 is the consumer of this
output by picking a subsequent task τi0 . The collaboration
payoff function for producer Ex with respect to τi is

We solve the co-opetitive task allocation problem with
task dependency and trust constraints using a modified
“supply chain” model. Specifically, the output of a task is
considered as a piece of “raw material” and the subsequent
tasks in the job continue to process this “raw material” until
the job finishes computation to generate the “final product”
(i.e., end results). An edge device can choose to process
all materials by itself or, at a certain stage, “sell” (i.e., by
performing task delegation) the output of a task to other
edge devices or the server to get immediate rewards. To
support this execution model, the server provides a reward
for each task based on the “difficulty” to process it and how
“valuable” the task output is. We discuss reward assignment
in details in Subsection IV-D.
To achieve the application objective defined in Equation (3), i.e., minimizing the number of job deadline misses,
we define a penalty function li,x,y . In particular, after the
edge device finishes a task, the server discount the absolute

upi,x


0
 Ri ∗ (∆ − (0.5 ∗ td(x, x ) + ci,x )) ,
∆ ∗ d(i) ∗ πx
=

0, (x0 → x) 6∈ Ldev or x0 = x.

x0 6= x or H
(9)
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follows the intuition that each edge device, without
knowing other devices’ payoff functions, guesses that
every competitor tends to pick the tasks with higher
rewards.
2) Best Response: Each edge device then picks the task
with the highest payoff (defined in Equation ((8))
based on the guess of all other players’ strategies.
3) Negotiation: After picking a task, each edge device
decides whether to send the output of the task to the
server or “sell” it to other devices. An edge device
labels the task as “on sale” if it is willing to perform
task delegation. Each edge device also decides whether
to “buy” a task on sale. Each device performs this
negotiation with the goal of maximizing upi,x and uci,x
(defined in Equation (9)–(10)), respectively.
4) Coordination: After all the devices make decisions, a
local edge server collects all the decisions and shares
them with all the devices.
5) Update Belief: Each device observes the strategies of
others and then updates its empirical histogram by
increasing the corresponding strategy count by 1. Then
the estimation on the future strategies is derived as
the most frequent strategy of each device, recorded
by histo.
The above steps are repeated until convergence. During
each iteration, edge devices negotiate for tasks and the
server breaks ties if multiple edge devices pick the same
task. CoGTA adopts a similar weighted singleton congestion
game protocol as BGTA [8] which allows the scheme to
converge and find the Nash Equilibrium quickly. We evaluate
the coordination overhead and convergence of DFPN in
Section VI. The scheme differs from the fictitious play
algorithm in BGTA by designing a new negotiation process
that allows the edge devices to be both cooperative and
competitive. In particular, we assume a device is always
willing to invite collaboration if (i) it cannot consume
the output of a task; and (ii) the increased reward of the
collaboration is non-negative. Specifically, we derive the
reward increase as upi,x − uH
i,x . If another device is willing
to accept the task delegation (via uci,x ), the collaboration is
formed.

We allow the producer and the consumer to share the
penalty due to the transmission delay between them (i.e.,
0.5 ∗ td(x, x0 )). The above payoff function definition takes
into consideration the trust constraints by setting the payoff
to 0 if Ex and Ex0 are not connected in Gdev .
Now assume an edge device Ex is receiving output from
a set of tasks {τi0 |(i0 → i) ∈ Ltask }. Let x(i0 ) denote the
device that picks a task τi0 . We design the collaboration
payoff function for consumer Ex with respect to τi below.

uci,x


(i0 →i)∈Ltask p
H

X
ui0 ,x(i0 )

 ui,x
−
,
(10)
= d(i)
d(i)
i0



0
0
0
0, ∃i , x(i ) = null or (x(i ), x) 6∈ Ldev

To enforce task dependency constraint, we use the term
∃i0 , x(i0 ) = null or (x(i0 ), x) 6∈ Ldev (i.e., the second case
in Equation (10) to represent the case where some of the
previous tasks of τi have not been picked or picked by
untrusted devices. Hence, picking τi will yield no actual
payoff for Ex . This design is to ensure that edge devices
only consider tasks whose previous tasks have been picked.
With the CCG set up given here, we are now ready to
introduce the scheme for “playing” the game in the following
two subsections.
C. Decentralized Fictitious Play with Negotiation (DFPN)
To ensure that each edge device makes its best decision
towards its objective, our goal is to find a Nash Equilibrium
for the CCG. The Nash Equilibrium exists in a game where
each player is assumed to know the equilibrium strategies
of all other players and no player has anything to gain by
only changing his/her own strategy [51]. A unique challenge
in finding the Nash Equilibrium in our CCG model is that
an edge device often has incomplete or no information
on the individual status of other devices. This results in
a scenario where an edge device cannot precisely derive
the best strategies of other devices to make its own best
response.
Here, we propose an efficient learning scheme to find
the optimal task allocation based on Fictitious Play (FP)
and negotiation heuristics to significantly reduce both the
search space and convergence time. The key idea of FP
is that each player is intended to “guess” the strategies
other players might pick based on their historical strategies
(without knowing their actual payoff functions) and make
its own decision to yield the highest payoff for itself. The
algorithm is described as:
1) Initial Step: Each edge device initializes a local empirical histogram (histo) [52] as a basis to “guess”
the strategies other players might employ based on
their historical strategies, where histoi,x denotes the
frequency of Ex picking τi . We initialize histo at the
beginning of the game as: histoi,x = PNRi R . This
i=1

D. Dynamic Incentive Adjustment
Our CCG and DFPN approaches discussed in the previous
subsections ensure that the edge devices achieve maximum
payoff through a co-opetitive game play, given the reward
assignment of each task. As shown in the payoff functions
(Equation (8)–(9)), the definition of the rewards plays a
critical role with respect to whether a task is picked by
edge devices for execution. Due to the dynamic availability
issues, static reward functions are generally not optimal for
the server to satisfy QoS requirements. A dynamic reward
assignment scheme was proposed in [8], in which the reward
for a job is dynamically assigned based on a feedback

i
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control mechanism. However, it cannot be directly applied to
our model due to the introduction of task dependency. In this
work, we introduce a new Dynamic Incentive Adjustment
scheme for the server to dynamically update task rewards in
order to meet the QoS objective of the application.
The design of the task reward function is based on the
following two considerations. First, if a task must transfer
a large amount of input data to the server for processing, it
would be “more valuable” to execute the task on an edge
device. Second, if a task is at later stages of a job (i.e., close
to the final output), it would be more “valuable” in general so
as not to waste the processing that has already been done for
the job. Now, let V Oi and V Ii be the size of output and input
of τi , respectively, and drri = VV OIii be the data reduction
ratio (DRR). Thus DRR represents how much reduction of
data communication is achieved by accomplishing a task.
Furthermore, let aggregated computation
P complexity (ACC)
acci be recursively defined as acci = (i0 −>i)∈Ltask acci0 +
ci,H . The ACC represents the total computational effort to
finish a task. Finally, we define task reward Ri for τi as a
linear combination of drri and acci :
Ri =

α2
α1
drri +
acci
α1 + α2
α1 + α2

Figure 3: System Architecture of CoGTA
At the beginning of each sensing cycle, the application
defines the number of data sources, the definition of each
task, and the reward for each task. The edge devices then run
DFPN to pick their most beneficial tasks and execute them.
The edge server takes care of the synchronization of DFPN
so any edge device is aware of the decisions of other devices.
The tasks that are not picked by edge devices are then sent
back to the server for further processing. We describe these
system components in details below.

(11)

B. Server Design

where α1 and α2 are the weighting factors. To ensure that
it is meaningful to add DRR and ACC, we normalize both
DRR and ACC scores (Section VI). Therefore, the reward
of each individual task is bounded.
The dynamic tuning of rewards is accomplished by adopting the exponential weights algorithm [53] as a feedback
control mechanism. The intuition of this tuning process is
that the server assumes there exist two “experts” who vote
for the importance of the two factors (“DRR” and “ACC”)
in the reward function. Each expert’s vote is associated
with the corresponding weight (α1 or α2 ). Based on the
experts’ votes, the server calculates the reward according to
Equation (11). After the jobs are executed, the server can
observe which jobs missed the deadlines and re-attribute the
performance feedback to each expert as a loss function and
adjust their weights accordingly. The detailed tuning process
is presented in the Appendix.

Remote Cloud Server: We set up a Kubernetes [54] cluster
as the back-end servers on Amazon AWS by using EC2. It
contains four c4.xlarge EC2 instances with each instance
having four cores and 7.5 GB RAM. The horizontal Pod
autoscaler of Kubernetes provides elastic resource management to handle dynamic requests from edge devices in delaysensitive social sensing applications.
Local Edge Server: In the edge computing paradigm, edge
devices are commonly connected to the cloud through local
edge servers. Such a design can i) provide a generic communication interface between heterogeneous edge devices and
the cloud service and ii) buffer simultaneous requests from
edge devices. In our implementation, we use a PC workstation with Intel E5-2600 V4 processor and 16GB of DDR4
memory as the local edge server. To enable the task submission process, we applied the Work Queue framework [55]
which sets up a master-worker architecture between the local
edge server and AWS. The edge server also coordinates edge
devices to synchronize their strategies after each iteration
of the DFPN algorithm. Note that the local edge server
does not take on computation tasks which contrasts many
existing architecture [7], [28], [56]. The reasons are twofold: 1) edge devices are increasingly powerful and capable
of performing complex computation tasks themselves [8]; 2)
it is more economically viable to minimize the deployment
of expensive local edge servers mainly for computational
purpose [57]. The economic consideration is particularly
important in ensuring the scalability of the system for large
real-world social sensing applications.

V. S YSTEM D ESIGN AND I MPLEMENTATION
This section presents the system design, hardware setup
used in our experiments, and our implementation of the
CoGTA framework.
A. System Architecture
An overview of the system architecture is illustrated in
Figure 3. The system is composed of an elastic cloud server
to host the social sensing application and provide additional
computation resources. An edge server is used to provide
near-edge coordination among local edge devices. The edge
devices are composed of heterogeneous embedded boards.
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Figure 4: Heterogeneous Edge Computing Platform
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C. Edge Design
Figure 4 shows the hardware platform for the edge devices. The platform consists of 15 edge devices: 2 Jetson
TX1 [58] and 3 Jetson TK1 [59] boards from Nvidia,
and 10 Raspberry Pi3 Model B boards [60]. These edge
devices have heterogeneous energy profiles and computation
capabilities and are commonly used in portable computers,
UAVs, and autonomous vehicles.

Bottom-up Game-Theoretic Task Allocation
(BGTA): A recent bottom-up task allocation scheme
that does not allow cooperation among edge devices
[8].
Greedy-Max Reward (GMXR): A greedy task allocation scheme where an edge device greedily picks the
tasks with the highest reward [61].
Centralized Server-based Allocation (CSA): A centralized task allocation scheme where an edge device
sends all its computation tasks to the cloud servers.
Mixed Integer Linear Programming (MILP): A topdown task allocation scheme with cooperative distributed computing resources using MILP to minimize
the deadline miss rate [62].

Note that MILP is a top-down task allocation scheme that
assumes the server has full control and information of the
edge device. This is not practical in the edge computing
paradigm and unfair to CoGTA and other baselines that
assume rational edge devices and incomplete information
of the edge devices at the server. However, we treat the
performance of MILP as a performance upper-bound and
investigate how close the performance of CoGTA and other
schemes is compared to the upper bound.

D. Network Configuration
All devices and the edge server are connected via a local
wireless router to emulate the proximity of the edge. The
average latency between the edge server and edge devices
is 12.6 ms, which is insignificant compared to the execution
time of the CoGTA algorithm. The data communication is
achieved using TCP sockets.

B. Case Study 1: Abnormal Event Detection
The first case study is Abnormal Event Detection (AED)
in social sensing where the goal is to generate alerts of
abnormal events from video data contributed by cameraenabled sensors (mobile phones, drones, etc.). For example,
in a mobile social sensing project, the participants are
tasked to take videos/images of a location assigned by
the application to help identify abnormal events such as
trespassing, sudden movements, and appearance of unusual
objects. Upon detection of the abnormal events, the application provides alerts to its subscribed users or the general
public.
We use the UCSD Anomaly Detection Dataset [63] which
consists of 98 (50 training, 48 testing) video footages
collected from surveillance cameras that monitor pedestrian
walkways around the UCSD campus. The dataset provides
ground truth labels for two abnormal events: i) detection
of non-pedestrian objects; ii) anomalous pedestrian motion
patterns. We treat this dataset as the video data collected
from the edge devices since our edge devices do not have
cameras. We assume that each edge device generates one
sensor data stream. Each run of the experiment contains a
total of 100 sensing cycles. Within each sensing cycle, the
edge devices are tasked to process a total of 8 seconds of
video clips (with each video source sampled at 20 image
frames per cycle).
Jobs for Abnormal Activity Detection: We adopt the
abnormal activity detection framework proposed in [19] to
define the set of tasks for a job in this application: i) data

E. Energy Measurement
Energy data is needed in our system. We use FLUKE
AC/DC current clamps to monitor real-time current signal
of each edge device and capture the current values using
a National Instruments USB-6216 Data Acquisition (DAQ)
system. We then multiply the current values with the default
voltage (12 V for TK1, 19 V for TX1 and 5 V for Pi3) to
obtain the power consumption by each edge device.
VI. E VALUATION
We now present an extensive evaluation of our CoGTA
scheme using the hardware setup described above. We first
discuss the baselines for comparison. We then present the
evaluation results using two real-world social sensing applications: Abnormal Event Detection and Real-time Traffic
Monitoring.
A. Baselines
We choose the following representative task allocation
schemes from recent literature as baselines.
• Congestion (COG): A congestion game based edge
computing task allocation scheme where tasks are modeled as resources and the reward of a task is monotonically decreasing as more edge devices claiming that
task [38].
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Figure 5: DHR in AED

Figure 6: E2E Delay in AED (∆ = 3s)

collection of video signals as image frames; ii) image prepossessing (i.e., converting images to gray-scale); iii) motion
feature extraction (i.e., optical flow); iv) object detection
using YOLO framework [5]; v) feature classification using a
sparse combination classifier [19]. All jobs have the same set
of tasks but process different video clips. The results from
different jobs are sent back to the server for the aggregation
and final decision.
To impose trust constraints, we design two trust groups
and each device is randomly assigned to one of the two
groups in an experiment. We assume devices within each
group can communicate with each other but inter-group
communication is not allowed due to trust constraints. The
evaluation results are averaged over 100 experiments.
1) Quality of Service (Application (Server) Side): In the
first set of experiments, we focus on how the objective is
achieved from the application side. In particular, we evaluate
the deadline hit rate (DHR) and end-to-end (E2E) delay
of all the compared task allocation schemes. The DHR is
defined as the ratio of tasks that are completed within the
deadline. The results are shown in Figure 5. Here we use
all 15 edge devices and gradually increase the deadline
constraints. We observe that CoGTA has significantly higher
DHRs than all the baselines, except MILP (i.e., the upper
bound of performance), and is the first one that reaches
100% DHR as the deadline increases. We attribute such
performance gain to our deadline-driven dynamic incentive
adjustment that guides the edge devices’ decisions towards
minimizing deadline miss rate by providing dynamic incentives. We also observe that CoGTA significantly outperforms
the BGTA scheme because i) CoGTA develops a novel
supply chain based negotiation scheme that allows task
trading between edge devices while BGTA which assumes
no cooperation between edge devices; ii) the penalty term in
the payoff function of CoGTA discourages an edge device
from picking the tasks that it cannot process efficiently,
which was not considered in BGTA. We also observe the
performance of CoGTA is very close to the performance
upper bound (i.e., the MILP scheme that assumes full control
and full information).
Figure 6 summarizes the E2E delays of all the schemes
as the number of video sources varies. We show the average
delays and the 90% confidence bounds. Clearly, our CoGTA

Figure 7: Avg. Payoff in AED

scheme has the least E2E delay and tightest confidence
bounds compared to the baselines while approaching the
performance upper bound (i.e., MILP). The results further
demonstrate the effectiveness of CoGTA for meeting realtime QoS requirements of the application. The performance
gain of the CoGTA is achieved by explicitly modeling
the dynamic status of the edge devices (e.g., computation
capability and energy profile) and allocating tasks according
to the current device status.
2) Payoff and Energy Consumption (Edge Device Side):
In the second set of experiments, we focus on how the
objectives of edge devices are achieved. In particular, we
study the payoff and energy consumption of edge devices.
Figure 7 shows the results of the payoff gained by the edge
devices. We normalize DRR and ACC to a 0-100 scale and
cost πx to a 1-5 scale. We observe that CoGTA has the
highest payoff compared to all the baselines. This is because
CoGTA can most efficiently finish the jobs by pushing the
computation to the edge, thus avoiding the communication
latency of sending tasks to the server. This results in the
least penalty for the rewards gained. Also, CoGTA allows
edge devices to maximize their rewards via achieving the
Nash Equilibrium. The negotiation process of DFPN allows
CoGTA to significantly outperform other game-theoretic
schemes (i.e., BGTA and COG) by allowing edge devices to
collectively work out their best payoffs through task trading
and cooperation. We note that CoGTA also outperforms
MILP in terms of the payoff even though MILP represents
the upper-bound in terms of QoS objectives (DHR and E2E
delay). The reason is that MILP only focuses on the overall
system performance without considering the benefits of edge
devices. This is one the key advantages of CoGTA compared
to the “top-down” approaches like MILP.
The results of energy consumption by edge devices are
shown in Table I. Here we use all 15 edge devices and set
the number of video sources to 10 and deadline to 3 seconds.
The number of video sources being less than the number
of edge devices emulates the scenarios that the number of
devices can be much larger than the number of jobs required
by the application in many real-world applications [64]. We
can observe that the CSA and BGTA baselines consume
the least energy due to the fact that they push most of
the computation tasks to the back-end servers. However,
11

Table II: Average Energy (mJ) per Frame in RTM

Table I: Average Energy (mJ) per Frame in AED
TX1
TK1
Pi3
All

CoGTA
167.71
162.73
64.89
1472.51

BGTA
160.84
161.45
65.72
1463.23

CSA
127.99
122.17
64.03
1262.79

COG
163.88
162.03
67.10
1484.85

GMXR
161.39
158.20
69.64
1493.78

MILP
174.88
162.63
63.05
1468.15

TX1
TK1
Pi3
All

CoGTA
152.87
148.86
62.52
1377.52

BGTA
148.70
143.77
62.88
1353.91

CSA
125.76
120.98
60.48
1219.61

COG
148.61
152.67
67.52
1430.43

GMXR
146.57
151.22
68.78
1434.60

MILP
161.75
146.88
61.21
1376.24

iii) feature extraction (optical flow and HOG); iv) feature
classification using trained SVM to identify vehicles and
traffic counts. The final result of each job is further processed
by the server to infer the overall traffic condition.
1) Quality of Service (Application (Server) Side): We
perform similar experiments as those discussed in the previous subsection. In particular, we evaluate all the schemes
in terms of DHR and E2E delay. The results are shown
in Figure 9 and Figure 10 respectively. We observe similar
results of CoGTA as the previous case study. We also
observed that both DHR and E2E delay results are better
than those in the previous section. The reason is that i) the
YOLO framework used in the previous application is more
computationally intensive; ii) fewer image frames need to
be processed per sensing cycle.
2) Energy Consumption and Payoff (Edge Device Side):
The results of payoffs gained at the edge devices are shown
in Figure 11. We observe that our scheme continues to
provide significantly more amount of payoffs to the edge
devices than other baselines. CoGTA also outperforms MILP
in terms of the payoff in this case study. This again demonstrates that CoGTA is more “user-friendly” by allowing edge
devices to obtain more payoffs. The results of the energy
consumption of the edge devices are reported in Table II.
Similar performance gains of CoGTA are observed.
3) Communication Overhead (Edge to Server): The results of the percentage of tasks processed by the edge devices
and the communication overhead from the edge to the
server are reported in Figures 12(a) and 12(b) respectively.
Similar to the previous application, we observe a significant
reduction in the percentage of tasks and the amount of data
sent to the server.

(a) Percentage of Tasks Finished by (b) Edge to Server Communication
Edge Devices per Cycle
Overhead per Cycle

Figure 8: Communication Costs in AED
CoGTA achieves much higher DHR and lower E2E delay
since CoGTA adopts an energy-aware payoff function and
thus uses energy more efficiently.
3) Communication Overhead (Edge to Server): We further investigate the communication overhead from edge
devices to servers. Figure 8(a) shows the percentage of tasks
(within a sensing cycle) that are accomplished by the edge
devices. We observe that CoGTA and MILP finish the largest
percentage of the tasks at the edge devices among all the
schemes, which greatly alleviates the computation burden of
the server. CoGTA offloads slightly more tasks to the server
as compared to MILP. The results on the communication
overhead (in terms of the amount of data sent from edge
devices to the server) are shown in Figure 8(b). We observe
that CoGTA incurs the least communication overhead compared to the baselines. The reduced communication overhead
also explains the E2E delay reduction achieved by CoGTA
shown in Figure 6.
C. Case Study 2: Real-time Traffic Monitoring
The second case study is Real-time Traffic Monitoring
(RTM) where participants in a social sensing application use
personal mobile devices (e.g., mobile phones, dash cams)
to record and analyze the current traffic conditions. For
example, a traffic monitoring application can task a set of
drivers to use their dash cams to take videos of the traffic
in front of their vehicles and then infer the congestion rate
of the road.
We collected the video data using dash cams from two
vehicles. The data contains a total of 30 video clips and 15
of them are used for training. We divided the application
into 100 sensing cycles and each sensing cycle processes
video clips of 6 seconds (with each video sampled at 15
frames per cycle).
Jobs for Traffic Monitoring: i) data collection of traffic
video signal as image frames; ii) image prepossessing;

D. CoGTA Convergence and Scalability
Finally, we study the convergence and coordination overhead of the CoGTA scheme. The results are reported in
Figure 13. In particular, Figure 14(a) shows the average
number of iterations of CoGTA till convergence. We observe
that CoGTA finds the Nash Equilibrium fairly quickly.
Furthermore, Figure 14(b) shows the execution time of
CoGTA. The execution time includes the running time of
the DFPN as well as the communication delay between the
edge servers and the edge devices. We observe the execution
time of CoGTA grows almost linearly as the number of edge
devices increases. The above results again demonstrate the
suitability of using CoGTA for delay-sensitive social sensing
applications.
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Figure 9: DHR in RTM

Figure 10: E2E Delay in RTM (∆ = 2s)

Figure 11: Avg. Payoff in RTM

(a) E2E Delay of CoGTA vs. BGTA (b) Payoffs of COGTA vs. BGTA
(a) Percentage of Tasks Finished by (b) Edge to Server Communication
Edge Devices per Cycle
Overhead per Cycle

Figure 14: Comparing CoGTA with BGTA

Figure 12: Communication Costs in RTM
use the RTM application as an example and use the same
settings as the previous experiments. The results are shown
in Figure 14. The x-axis is the emulated latency between
edge devices and the y-axis are the performance metrics of
interest - E2E delay and average payoffs. We can observe
that, as the edge latency increases, CoGTA’s performance
degrades on both metrics. This is because the negotiation
process becomes less effective when trading tasks between
edge devices become more expensive (i.e., high latency
between edge devices). On the other hand, we also observe
that the CoGTA still significantly outperforms BGTA when
the negotiation process is carried out effectively (i.e., when
the latency between edge devices is low). The above result
shows the significant impact of the new DFPN algorithm.

(a) Number of Iterations of CoGTA (b) Execution Time of CoGTA till
till Convergence
Convergence

Figure 13: Convergence of CoGTA
We note that the execution time of the CoGTA scheme
might become a non-trivial overhead when the number of
edge devices in the system becomes very large. A possible
solution to such scalability problem is to increase the number
of local edge servers and run CoGTA in the cluster of
edge devices coordinated by the same local edge server.
In our implementation, we assume the edge server only
performs coordination between the cloud and the edge
and synchronizes the task allocation decisions among edge
devices. Therefore, the local edge server can be inexpensive
smart gateways or mobile cloudlets rather than expensive
dedicated servers.

VII. C ONCLUSION AND F UTURE W ORK
This paper presents the CoGTA framework to addresses
three fundamental challenges in solving the task allocation problem for delay-sensitive social sensing applications
in edge computing systems, namely competing objectives,
constrained cooperativeness and dynamic availability. We
have implemented our proposed framework on a hardware
setup including Nvidia Jetson TK1, TX1, Raspberry Pi3
boards, and AWS EC2. The evaluation results from two realworld social sensing applications demonstrate that CoGTA
achieves significant performance gains in terms of meeting
both the objectives of applications and edge devices.
Our work has some limitations and can be extended
further. In this work, we propose a unique vision of using
private edge devices owned by individuals to perform edge
computation tasks, which is in sharp contrast to the existing
model that assume edge devices are collaborative [7], [28].

E. Evaluating Co-opetitive Negotiation
The above experiments showed that CoGTA outperforms
BGTA in terms of both E2E delay and payoffs. A key factor
that contributes to the performance gain is the negotiation
process (i.e., DFPN algorithm). In this experiment, we
further evaluate how this negotiation process could influence
the performance gain of CoGTA compared to BGTA. We
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Though our approach brings the benefit of exploring the
massive amount of privately owned computational resources
on the edge, it introduces many challenges to be solved as
well. One particular challenge is user privacy. For example,
the data collected from edge devices can potentially reveal
the private information of end users. Also, it is possible for
the application to monitor the task execution time of the
edge devices to perform device profiling analysis [65]. A
potential solution to this problem is to build a secure privacypreserving crowdsourcing architecture such as AnonySense
[66] that allows the edge devices to contribute anonymized
data to an untrusted server.
Second, CoGTA entails security concerns. In particular,
we assume that edge devices are not malicious and they follow the game protocol honestly (e.g., will not quit abruptly,
or intentionally delay the executing). However, there may
be malicious edge devices that intentionally generate wrong
results for tasks or delay the execution of tasks to generate
sub-optimal results. The first issue can be addressed by
combining CoGTA with the verifiable computing techniques
where the system maintains verifiable results by requiring a
“proof” of the correct execution of tasks [67]. The second
issue can be mitigated by adding an extra function in CoGTA
to keep track of the normal behaviors of edge devices and
actively block the identified lazy devices. These directions
are left for future work.
Third, CoGTA does not consider the dynamic churn rate
of end users. We assume the availability of devices does
not change within each sensing cycle. In practice, such
availability could change at any point in time, which may
lead to unfinished or partially finished tasks. This issue has
initially been discussed in [18], in which task re-assignment
and adaptive workload management mechanisms have been
developed to mask device churn. We can extend CoGTA
to address this problem by allocating important tasks to
more than one edge devices so the task will be finished
unless all devices associated with the task decide to quit
simultaneously [68]. Alternatively, CoGTA can also specify
that the edge devices could only join and quit at the
beginning of each sensing cycle by imposing a high penalty
cost for the devices who quit without finishing their tasks.
We leave these extensions for future work.
Fourth, CoGTA is a real-time task allocation scheme
that maximizes deadline hit rate of the system instead of
providing the hard real-time guarantee. This is due to several
factors. First, the worst-case estimation of the task execution
time is not precise due to the complicated computing and
communication environment in edge computing systems
[44]. In the future, we would explore more sophisticated execution time prediction schemes (e.g., static program analysis
[69] and narrow spectrum benchmarking [70] in CoGTA.
Second, the convergence time of the Nash Equilibrium
solution is also highly dynamic and unpredictable. This can
be addressed by setting the maximum number of iterations

in DFPN or relaxing strict Nash Equilibrium by performing
-Nash Equilibrium Solution [71].
Finally, the current CoGTA scheme has not fully explored
the mobility and battery status of the edge devices due to
the constraints of the current experiment platform. In realworld scenarios, the location of the edge devices and battery
status may influence the dynamic cost and availability of the
end users [8], [72]. To address this limitation, we plan to i)
extend the current payoff function in CoGTA to explicitly
consider the physical distance and the battery status of the
device (e.g., higher payoffs will be offered to devices with
lower battery and further distance from the task); ii) extend
the experiment platform by adding edge devices with the
mobility feature (e.g., UAVs and wearable devices).
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VIII. A PPENDIX
We update the weights (α1 and α2 ) in Equation 11 as:
αknew = αkold ∗ e−ηλk ,

1 ≤ k ≤ 2.

η is a learning parameter, λk is a loss function for αk , and
PZ
PZ
Z
t
t
X
z=1 oz ∗ (1 − δz )
z=1 oz ∗ δz
δz 6= 0 or Z
−
,
λ1 = P
PZ
Z
z=1
z=1 δz
z=1 (1 − δz )
PZ
PZ
Z
c
c
X
z=1 oz ∗ δz
z=1 oz ∗ (1 − δz )
λ2 = PZ
− P
,
δz 6= 0 or Z,
Z
z=1
z=1 δz
z=1 (1 − δz )
where δz signifies whether the job Jz misses the deadline or
not (see Section III). In the above equation, we use the avt
erage transmission overhead oP
(edge to server) of the tasks
z Z
ot ∗(1−δ )
z=1
that meet the deadlines (i.e., PZ z(1−δ )z ) as a set point
z
z=1
and compare it with the average transmission
overhead of
PZ
t
z=1 oz ∗δz
P
the tasks that missed the deadlines (
). The same
Z
z=1 δz
idea applies for the ACC factor (using computation
overhead
PZ
ocz ). If all jobs meet their deadlines (i.e., z=1 δz = 0), we
keep the current reward function.
PZIn the rare case where all
jobs miss their deadlines (i.e., z=1 δz = Z), we resort to
admission control and decrease the number of assigned jobs.
Due to the page limit, we omit the detailed discussions.
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