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ABSTARCT: 

           The emerging edge computing 

paradigm promises to deliver superior user 

experience and enable a wide range of 

Internet of Things (IoT) applications. In 

this paper, we propose a new market-based 

framework for efficiently allocating 

resources of heterogeneous capacity-

limited edge nodes (EN) to multiple 

competing services at the network edge. 

By properly pricing the geographically 

distributed ENs, the proposed framework 

generates a market equilibrium (ME) 

solution that not only maximizes the edge 

computing resource utilization but also 

allocates optimal resource bundles to the 

services given their budget constraints. 

When the utility of a service is defined as 

the maximum revenue that the service can 

achieve from its resource allotment, the 

equilibrium can be computed centrally by 

solving the Eisenberg-Gale (EG) convex 

program. We further show that the 

equilibrium allocation is Pareto-optimal 

and satisfies desired fairness properties 

including sharing incentive, 

proportionality, and envy-freeness. Also, 

two distributed algorithms, which 

efficiently converge to an ME, are 

introduced. When each service aims to 

maximize its net profit (i.e., revenue minus 

cost) instead of the revenue, we derive a 

novel convex optimization problem and 

rigorously prove that its solution is exactly 

an ME. Extensive numerical results are 

presented to validate the effectiveness of 

the proposed techniques 

INTRODUCTION: 

The last decade has witnessed an explosion 

of data traffic over the communication 

network attributed to the rapidly growing 

cloud computing and pervasive mobile 

devices. This trend is expected to continue 

for the foreseeable future with a whole 

new generation of applications including 

4K/8K UHD video, tactile Internet, 

virtual/augmented reality (VR/AR), and a 

variety of IoT applications [1]. As the 

cloud infrastructure and number of devices 

continue to expand at an accelerated rate, a 

tremendous burden will be put on the 

network. Hence, it is imperative for 

operators to develop innovative solutions 

to meet the soaring traffic demand and 
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accommodate diverse requirements of 

various services and use cases in future 

networks. Thanks to the economy of scale 

and supercomputing capability advantages, 

cloud computing will likely continue to 

play a prominent role in the future 

computing landscape. However, cloud data 

centers (DC) are often geographically 

distant from the end-user, which induces 

enormous network traffic, along with 

significant communication delay and jitter. 

Therefore, despite the immense power, 

cloud computing alone is facing growing 

limitations in satisfying the stringent 

requirements in terms of latency, 

reliability, security, mobility, and 

localization of new systems and 

applications (e.g., embedded artificial 

intelligence, missioncritical 

communication, 5G wireless systems) [1]. 

To this end, edge computing (EC) [2], also 

known as fog computing (FC) [1], has 

emerged as a novel computing paradigm 

that complements the cloud and addresses 

many shortcomings in the traditional cloud 

model. In EC, storage, computing, control, 

and networking resources are placed closer 

to end-users, things, and sensors. The size 

of an EN is flexible ranging from 

smartphones, smart access points (AP), 

base stations (BS) to edge clouds [3]. For 

example, a smartphone is the edge 

between wearable devices and the cloud, a 

home gateway is the edge between smart 

appliances and the cloud, a telecom central 

office is the edge between mobile devices 

and the core network. By providing elastic 

resources and intelligence at the edge, EC 

offers many remarkable capabilities, such 

as local data processing and analytics, 

distributed caching, location awareness, 

resource pooling and scaling, enhanced 

privacy and security, and reliable 

connectivity. EC is also a key enabler for 

ultra-reliable low-latency applications 

(e.g., AR, autonomous driving). A myriad 

of benefits and other use cases (e.g., 

offloading, caching, advertising, 

healthcare, smart homes/grids/cities) of EC 

can be found in [1]–[3]. Today, EC is still 

in the developing stages and presents many 

new challenges, such as network 

architecture design, programming models 

and abstracts, IoT support, service 

placement, resource provisioning and 

management, security and privacy, 

incentive design, and reliability and 

scalability of edge devices [1]–[3]. In this 

paper, we focus on the EC resource 

allocation problem. Unlike cloud 

computing, where computational capacity 

of large DCs is virtually unlimited and 

network delay is high, EC is characterized 

by relatively low network latency but 

considerable processing delay due to the 

limited computing power of ENs. Also, 

there are a massive number of distributed 

computing nodes compared to a small 
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number of large DCs. Additionally, ENs 

may come with different sizes (e.g., 

number of computing units) and 

configurations (e.g., computing speed) 

ranging from a smartphone to an edge 

cloud with tens/hundreds of servers. These 

nodes are dispersed in numerous locations 

with varying network and service delay 

towards end-users. On the other hand, 

different services may have different 

requirements and properties. Some 

services can only be handled by ENs 

satisfying certain criteria. Furthermore, 

different services may be given different 

priorities. While every service not only 

wants to obtain as much resource as 

possible but also prefers to be served by its 

closest ENs with low response time, the 

capacities of ENs are limited. Also, due to 

the diverse preferences of the services 

towards the ENs, some nodes can be 

under-demanded while other are over-

demanded. Thus, a fundamental problem 

is: given a set of geographically distributed 

heterogeneous ENs, how can we 

efficiently allocate their limited computing 

resources to competing services with 

different desires and characteristics, 

considering service priority and fairness? 

This work introduces a novel market-based 

solution framework which aims not only to 

maximize the resource utilization of the 

ENs but also to make every service happy 

with the allocation decision. The basic idea 

behind our approach is to assign different 

prices to resources of different ENs. In 

particular, highly sought-after resources 

are priced high while prices of under-

demanded resources are low. We assume 

that each service has a certain budget for 

resource procurement. The budget can be 

virtual or real money. Indeed, budget is 

used to capture service 

priority/differentiation. It can also be 

interpreted as the market power of each 

service. Given the resource prices, each 

service buys the favorite resource bundle 

that it can afford. When all the resources 

are fully allocated, the resulting prices and 

allocation form a market equilibrium 

(ME). If there is only one EN, an ME can 

be found easily by adjusting the price 

gradually until demand equals supply or 

locating the intersection of the demand and 

supply curves. However, when there are 

multiple heterogeneous ENs and multiple 

services with diverse objectives and 

different buying power, the problem 

becomes challenging since the services 

have more options to buy resources. We 

consider two distinct market models in this 

work. In the first model, the money does 

not have intrinsic value to the services. 

Given resource prices, each service aims to 

maximize its revenue from the allocated 

resources, without caring about how much 

it has to pay as long as the total payment 

does not exceed its budget. This model 
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arises in many real-world scenarios. For 

example, in 5G networks, the Mobile Edge 

Computing (MEC) servers of a Telco are 

shared among different network slices, 

each of which runs a separate service (e.g., 

voice, video streaming, AR/VR, connected 

vehicles, sensing) and serves a group of 

customers who pay for the service. The 

Telco can allot different budgets to the 

slices depending on their importance 

and/or potential revenue generation (e.g., 

the total fee paid by the users/subscribers 

of each slice). Similarly, an application 

provider (e.g., Uber, Pokemon Go) or a 

sensor network may own a number of ENs 

in a city and need to allocate the edge 

resources to handle requests of different 

groups of users/sensors. The budget can be 

decided based on criteria such as the 

populations of users/sensors in different 

areas and/or payment levels (subscription 

fees) of different groups of users. Another 

example is that a university (or other 

organizations) can grant different virtual 

budgets to different departments or 

research labs so that they can fairly share 

the edge servers on the campus. The first 

model may also emerge in the setting of 

cloud federation at the edge where several 

companies (i.e., services) pool their 

resources together and each of them 

contributes a fixed portion of resource of 

every EN. Here, the budgets are 

proportional to the initial contributions of 

the companies. Instead of resource 

pooling, these companies may agree 

upfront on their individual budgets, and 

then buy/rent a given set of ENs together. 

In these scenarios, it is important to 

consider both fairness and efficiency. 

Thus, conventional schemes such as social 

welfare maximization, maxmin fairness, 

and auction models may not be suitable. In 

particular, a welfare maximization 

allocation often gives most of the 

resources to users who have high marginal 

utilities while users with low marginal 

utilities receive a very small amount of 

resources, even nothing. Similarly, in 

auction models, the set of losers are not 

allocated any resource. Hence, these 

solutions can be unfair to some users. On 

the other hands, a maxmin fairness 

solution often allocates too many resources 

to users with low marginal utilities, hence, 

it may not be efficient. To strive the 

balance between fairness and efficiency, 

we advocate the General Equilibrium 

Theory [4], with a specific focus on the 

Fisher market model [5], as an effective 

solution concept for this problem. 

Specifically, the first model can be cast as 

a Fisher market in which services act as 

buyers and ENs act as different goods in 

the market. For the linear additive utility 

function as considered in this work, given 

resource prices, a service may have an 

infinite set of optimal resource bundles, 
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which renders difficulty in designing 

distributed algorithms. We suggest several 

methods to overcome this challenge. 

Moreover, we show that the obtained 

allocation is Pareto-optimal, which means 

there is no other allocation that would 

make some service better off without 

making someone else worse off [6]. In 

other words, there is no strictly “better” 

allocation. Thus, a Paretooptimal 

allocation is efficient. We furthermore link 

the ME to the fair division literature [7] 

and prove that the allocation satisfies 

remarkable fairness properties including 

envy-freeness, sharing-incentive, and 

proportionality, which provides strong 

incentives for the services to participate in 

the proposed scheme. Indeed, these 

properties were rarely investigated 

explicitly in the ME literature. Envy-

freeness means that every service prefers 

its allocation to the allocation of any other 

service. In an envy-free allocation, every 

service feels that its share is at least as 

good as the share of any other service, and 

thus no service feels envy. Sharing-

incentive is another well-known fairness 

concept. It ensures that services get better 

utilities than what they would get in the 

proportional sharing scheme that gives 

each service an amount of resource from 

every EN proportional to its budget. Note 

that proportional sharing is an intuitive 

way to share resources fairly in terms of 

quantity. For the federation setting, 

sharing-incentive implies that every 

service gets better off by pooling their 

resources (or money) together. Finally, it is 

natural for a service to expect to obtain a 

utility of at least b/B of the maximum 

utility that it can achieve by getting all the 

resources, where b is the payment of the 

service and B is the total payment of all 

the services. The proportionality property 

guarantees that the utility of every service 

at the ME is at least proportional to its 

payment/budget. Thus, it makes every 

service feel fair in terms of the achieved 

utility. In the second model, the money 

does have intrinsic value to the services. 

The services not only want to maximize 

their revenues but also want to minimize 

their payments. In particular, each service 

aims to maximize the sum of its remaining 

budget (i.e., surplus) and the revenue from 

the procured resources, which is equivalent 

to maximizing the net profit (i.e., revenue 

minus cost). This model is prevalent in 

practice. For example, several service 

providers (SP), each of which has a certain 

budget, may compete for the available 

resources of an edge infrastructure 

provider (e.g., a Telco, a broker). The SPs 

only pay for their allocated resources and 

can take back their remaining budgets. 

Obviously, a SP will only buy a computing 

unit if the potential gain from that unit 

outweighs the cost. It is natural for the SPs 
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to maximize their net profits in this case. 

The classical Fisher market model does not 

capture this setting since the utility 

functions of the services depend on the 

resource prices. It is worth mentioning 

that, conventionally, the optimal dual 

variables associated with the supply 

demand constraints (i.e., the capacity 

constraints of the ENs) are often 

interpreted as the resource prices [32] and 

common approaches such as network 

utility maximization (NUM) [33] can be 

used to compute an ME. However, these 

approaches do not work for our models 

that take budget into consideration. Indeed, 

the main difficulty in computing an ME in 

both models stems from the budget 

constraints which contain both the dual 

variables (i.e., prices) and primal variables 

(i.e., allocation). In the second model, the 

prices also appear in the objective 

functions of the services. Therefore, the 

ME computation problem becomes 

challenging. Note that the pair of 

equilibrium prices and equilibrium 

allocation has to not only clear the market 

but also simultaneously maximize the 

utility of every service (as elaborated in 

Section 4). Fortunately, for a wide class of 

utility functions, the ME in the first model 

can be found by solving a simple 

Eisenberg-Gale (EG) convex program [8]–

[10]. However, the EG program does not 

capture the ME in the second model. 

Interesting, by reverse-engineering the 

structure of the primal and dual programs 

in the first model, we can rigorously 

construct a novel convex optimization 

problem whose solution is an ME of the 

second model. 

EXISTING SYSTEM: 

               Different from the existing literature, which mostly deals with optimizing the overall system performance from a single network operator’s point of view, we consider the EC resource allocation problem from the game theory and market design perspectives. In particular, we study how to allocate resources from multiple 

ENs to multiple services in a fair and 

efficient way. We exploit the General 

Equilibrium, a Nobel prize-winning 

theory, to construct an efficient market-

based resource allocation framework. 

Although this concept was proposed more 

than 100 years ago, only until 1954, the 

existence of an ME was proved under mild 

conditions in the seminal work of Arrow 

and Debreu. However, their proof based on 

fixed-point theorem is no constructive and 

does not give an algorithm to compute 

equilibrium. Recently, theoretical 

computer scientists have expressed great 

interests in understanding algorithmic 

aspects of the General Equilibrium 

concept. Various efficient algorithms and 

complexity analysis for ME computation 

have been accomplished over the past 

decade Note that although the existence 

result has been established, there is no 

general technique for computing an ME. 

PROPOSED SYSTEM: 

Our proposed models are inspired 

by the Fisher market which is a special 
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case of the exchange market model in the 

General Equilibrium theory. An exchange 

market model consists of a set of economic 

agents trading different types of divisible 

goods. Each agent has an initial 

endowment of goods and a utility function 

representing her preferences for the 

different bundles of goods. Given the 

goods’ prices, every agent sells the initial 

endowment, and then uses the revenue to 

buy the best bundle of goods they can 

afford. The goal of the market is to find the 

equilibrium prices and allocations that 

maximize every agent’s utility respecting 

the budget constraint, and the market 

clears. In the Fisher market model, every 

agent comes to the market with an initial 

endowment of money only and wants to 

buy goods available in the market. We cast 

the EC resource allocation problem as a 

Fisher market. We not only show 

appealing fairness properties of the 

equilibrium allocation, but also introduce 

efficient distributed algorithms to find an 

ME. More importantly, we systematically 

devise a new and simple convex program 

to capture the market in which money has 

intrinsic value to the buyers, which is 

beyond the scope of the classical Fisher 

market model. Different from the existing 

works on cloud economics and resource 

allocation in general, our design objective 

is to find a fair and efficient way to 

allocate resources from multiple nodes 

(e.g., ENs) to budget-constrained agents 

(i.e., services), which makes every agent 

happy with her resource allotment and 

ensures high edge resource utilization. The 

proposed model also captures practical 

aspects, for example, a service request can 

be served at different ENs and service 

demands can be defined flexibly rather 

than fixed bundles as in auction models. 

MODULES: 

1. ADD RESOURCE 

The resources have been 

uploading in database in order to 

view for users. Resources can be 

uploading, modify or delete. The 

added resources can be visible to 

user and user can apply with 

required details. User can add 

details with their quotation of 

application. So that user can 

implement their work. 

2. ALLOCATE RESOURCE 

The received applications 

are viewed by admin. Admin then, 

find the available space and view 

application and based on that, 

algorithm applied to sort the best 

user to be allocated or the 

allocation space will be measured 

according to the quotation of user 

had submitted. The allocated 

resource can be utilized by user and 
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admin need to intimate the user that 

how much resource have been 

allocated. 

3. USER QUERIES 

Users can have queries 

about the process. This part of 

project is dedicated to make and 

get response for queries that are 

needed to answerable. The major 

part of the modules is making 

project as interactive one, queries 

have been very normally arise to 

users regarding different details 

about the process. 

4. GRAPH ANALYSIS 

Graph analysis is the part 

where admin can knows the 

statistics about process of details. 

The data are taken from the project 

flow and it shows until updated 

value. The data are gives clear 

solution to admin that part of 

improvement and user satisfaction 

and other factors. 

The proposed framework could 

serve as a first step to understand new 

business models and unlock the enormous 

potential of the future EC ecosystem. 

There are several future research 

directions. For example, we will 

investigate the ME concept in the case 

when several edge networks cooperate 

with each other to form an edge/fog 

federation. Investigating the impacts of the 

strategic behavior on the efficiency of the 

ME is another interesting topic. Note that 

N. Chen has shown that the gains of 

buyers for strategic behavior in Fisher 

markets are small. Additionally, in this 

work, we implicitly assume the demand of 

every service is unlimited. It can be 

verified that we can add the maximum 

number of requests constraints to the EG 

program to capture the limited demand 

case, and the solution of this modified 

problem is indeed an ME. However, 

although the optimal utilities of the 

services in this case are unique, there can 

have infinite number of equilibrium prices. 

We are investigating this problem in our 

ongoing work. Also, integrating the 

operation cost of ENs into the proposed 

ME framework is a subject of our future 

work. Finally, how to compute market 

equilibria with more complex utility 

functions that capture practical aspects 

such as task moving expenses among ENs 

and data privacy is an interesting future 

research direction. It is also interesting to 

test the performance of the proposed 

approach on real datasets of an EC system 

when EC is widely deployed. 

CONCLUSION: 

In this work, we consider the 

resource allocation for an EC system 
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which consists geographically distributed 

heterogeneous ENs with different 

configurations and a collection of services 

with different desires and buying power. 

Our main contribution is to suggest the 

famous concept of General Equilibrium in 

Economics as an effective solution for the 

underlying EC resource allocation 

problem. The proposed solution produces 

an ME that not only Pareto-efficient but 

also possesses many attractive fairness 

properties. The potential of this approach 

are well beyond EC applications. For 

example, it can be used to share storage 

space in edge caches to different service 

providers. We can also utilize the proposed 

framework to share resources (e.g., 

communication, wireless channels) to 

different users or groups of users (instead 

of services and service providers). 

Furthermore, the proposed model can 

extend to the multi-resource scenario 

where each buyer needs a combination of 

different resource types (e.g., storage, 

bandwidth, and compute) to run its service. 

We will formally report these cases (e.g., 

network slicing, NFV chaining 

applications) in our future work. 

REFERENCES  

[1] M. Chiang and T. Zhang, “Fog and 

IoT: an overview of research 

opportunities,” IEEE Internet Things J., 

vol. 3, no. 6, pp. 854–864, Dec. 2016.  

[2] M. Satyanarayanan, “The emergence of 

edge computing,” Computer, vol. 50, no. 

1, pp. 30–39, Jan. 2017.  

[3] W. Shi, J. Cao, Q. Zhang, Y. Li, and L. 

Xu, “Edge computing: vision and 

challenges,” IEEE Internet Things J., vol. 

3, no. 5, pp. 637–646, Oct. 2016. 

 [4] K.J. Arrow and G. Debreu, “Existence 

of equilibrium for a competitive 

economy,” Econometrica, vol. 22, no. 3, 

pp. 265–290, 1954.  

[5] W.C. Brainard and H.E. Scarf, “How to 

compute equilibrium prices in 1891,” 

Cowles Foundation, Discussion Paper, no. 

1272, 2000.  

[6] A. Mas-Colell, M. D. Whinston, and J. 

R. Green, “Microeconomic Theory”, 1st 

ed. New York: Oxford Univ. Press, 1995.  

[7] H. Moulin, “Fair division and 

collective welfare,” MIT Press, 2004.  

[8] N. Nisan, T. Roughgarden, E. Tardos, 

and V. Vazirani, “Algorithmic Game 

Theory”, Cambridge, U.K.: Cambridge 

Univ. Press, 2007. 

 [9] E. Eisenberg and D. Gale, “Consensus 

of subjective probabilities: The pari-

mutual method,” Annals of Mathematical 

Statistics, vol. 30, pp. 165–168, 1959.  

[10] E. Eisenberg, “Aggregation of utility 

functions,” Manage. Sci. 7, PP. 337–350, 

1961. 


