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Near Optimal Locality-Aware Task Allocation
Towards Stable Blockchain-Based MEC System:
A Potential Game Approach

Lianbo Ma, Senior Member, IEEE, Yuee Zhou, Xingwei Wang, Member, IEEE,
Carla Fabiana Chiasserini, Fellow, IEEE, Guangjie Han, Fellow, IEEE

Abstract—We consider the efficient resource allocation task in the blockchain-based mobile edge computing (MEC) system that
requires decentralized transaction management to validate transactions between edge servers (ESs) and mobile devices (MDs). In
such task allocation process (where MDs’ resources are limited and privacy-sensitive), it is a significant challenge to guarantee
individual rationality with satisfactory system stability while enabling flexible task offloading under various locality constraints (e.g.,
communication distance, bandwidth and delay). In this paper, we formulate the target problem as a blockchain-assisted task-resource
matching model, and then propose a near optimal locality-aware resource allocation mechanism over smart contract to enable
automatic and efficient transactions in MEC system. More specifically, for the service agents selection, we design the preference-based
selection strategy to get highest estimated profit. For the flexible task offloading, we develop the minimum delay task graph partitioning
algorithm to determine the optimal task offloading solution for MD under different resource bundles. For the task-resource matching, we
propose a multi-stage task-resource matching game (based on potential game) with the second lowest cost strategy to determine the
matching of task-resource and decide the price of resource bundle. For the transaction verification and block allocation, we propose a
social welfare-driven consensus mechanism to enable verified transaction and fair block allocation in a reward-free way. Strict
theoretical analysis and extensive simulations demonstrate that our mechanism guarantees individual rationality, Nash Equilibrium, and

stable near optimal solution.

Index Terms—Mobile edge computing, Task allocation, Nash Equilibrium, Social welfare, Individual rationality.

1 INTRODUCTION

HE explosive growth in advanced mobile and IoT de-
Tvices has resulted in a significant amount of data being
generated at the edge network [1], which enables a wide
variety of promising mobile applications [2], [3], [4], [5], e.g.,
augmented reality, data streaming, and mobile gaming. It
is estimated that by 2025, there will be around 80 billion
mobile devices globally, producing 180 trillion gigabytes of
data [4]. Processing such a plethora of data through cloud
computing is inefficient due to the considerable quantities
of bandwidth consumption [6], [7]. A natural way to solve
this issue is to deploy cloud services at the edge of the
network where data is generated [8]. This is achieved by
mobile edge computing (MEC), allowing for the offloading
of computation-intensive and latency-sensitive tasks from
mobile devices (MDs) to adjacent edge servers (ESs) [9], [10],
[11], [12]. Typically, there is a central trading platform for al-
locating resources in MEC, where MDs need to choose from
services provided by adjacent SPs with sufficient computing
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and communication resources to meet their own demands
for the execution of target tasks [13].

However, the efficient resource allocation is a challeng-
ing issue in establishing a successful MEC system [14],
[15], [16]. Most existing resource allocation approaches in
centralized trading platform depend on a central authority
to enable the matching between tasks of MDs and resources
of ESs across the network devices. In fact, the central au-
thority may not be trusted and is fragile to the single point
of failure [17], [18], [19], [20]. In this sense, the dynamic
communication between MDs and ESs, and the migration
of data across the system may lead to security vulnerability
[21], [22]. As a result, due to the fact that the distributed
participants in MEC (including MDs and ESs) are profit-
driven, such fragile allocation mechanisms will result in loss
for all associated MDs and ESs.

To avoid these limitations, the blockchain is then intro-
duced into the MEC system (i.e., blockchain-based MEC,
BMEC), where the resource allocation tasks are performed
in a distributed way [24]. Using efficient community veri-
fication among edge nodes through consensus mechanisms
such as Proof of Work (PoW) and Proof of Stake (PoS) [25],
BMEC has merits of high-level security and trust without
the need for any central authority [26], [28]. One line of
research on BMEC is to motivate MDs and ESs to cooperate
in task execution, aiming to enable the network operator to
allocate edge services to a set of requesting MDs in a utility-
maximization way [28]. In this paper, we thus investigate
the problem how to maximize the social welfare of the
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Fig. 1. An example of a BMEC model, where ESs offer resource bundles to MDs (with various resource requests for task completion).

BMEC system such that all participants can maximize their
profits. A key challenge of our design is how to guaran-
tee individual rationality with satisfactory system stability.
Moreover, it is essential to guarantee that the social welfare
obtained from Nash Equilibrium (NE) solution is a stable
near-optimal solution, theoretically close to the optimal one.

In practice, when striving to guarantee individual ratio-
nality with good stability, the following issues should be
taken into account:

(1) Flexible task offloading is required when MDs have com-
plex application tasks. If MDs roughly offload all tasks to
ESs, the processing time and computation cost could be
increased since MD’s own computing resource is wasted.
This may lead to fewer MDs being satisfied and even reduce
the social welfare. Thus, it is desired to allow each MD
to express multiple task offloading solutions, and choose
the optimal task offloading solution according to the task
matching result. In this way, the MD satisfaction can be
obtained and higher social welfare is achieved further.

(2) Many locality constraints exist in real BMEC system,
including the communication distance and wireless channel
conflict. Due to limited wireless recognition range, only
MDs within coverage area can connect to the corresponding
ESs. Besides, the wireless communication between edge
devices may be slow and unstable due to congested or
conflicted wireless channel sharing. Due to these locality
constraints, not all ESs and MDs can be matched, which
would influence the stability of the BMEC system.

3) Efficient consensus mechanism is required in the context of
the BMEC system due to the limitation of resource and trans-
mission. However, existing consensus mechanisms, e.g.,
PoW and PoS, are not suitable to our target scenario: PoW
is extremely computation-consuming and thereby being not

applicable to the resource-constrained edge devices, while
PoS is beneficial for wealthy players and tends to enlarge
the wealth inequality among the players in BMEC.

In this paper, we formulate the target problem as a
blockchain-assisted task-resource matching model, and then
propose a Near Optimal Locality-Aware Task Allocation
(NOLATA) mechanism over smart contract to enable auto-
matic and efficient transactions in the BMEC system, where
the social welfare maximization in joint computing and
communication resource allocation problem is formulated
with a set of significant locality constraints.

Our main contributions are as follows:

o To the best of our knowledge, our proposed mecha-
nism is the first individual rational game mechanism
for BMEC, which can guarantee system stability for
task allocation while considering different locality
constraints including communication distance, wire-
less channel conflict and task latency constraints.

e We propose NOLATA (derived from the
potential game) for task allocation, where the
smart contract preference selection strategy is
devised for MDs to select smart contracts, the second
lowest cost pricing strategy is utilized to decide the
resource price of implemented tasks, and the social
welfare-driven consensus mechanism is used to
enable verified transaction and fair block allocation
in a reward-free way.

e We conduct rigorous theoretical analysis and exten-
sive simulation experiments to verify the promising
performance of social welfare maximization, and and
desired properties of the proposed NOLATA, ie.,
individual rationality, Nash Equilibrium, and stable
approximation ratio.
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Fig. 2. An example of a directed task graph.

2 SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first present the system model with a
set of locality constraints. Next, we formulate the problem
of maximizing social welfare in the joint allocation of com-
puting and communication resources. The key notations are
summarized in Table 1.

2.1 System Model

We consider a standard BMEC framework comprising M
ESs, N MDs, and K service agents (SAs). Each ES is
equipped with a base station (BS), as shown in Fig.1. Let
[X] represent the set of integers {1,--- ,z,--- , X}. M Dy,
ESiyy, BS(a, and SAjg) denote the set of MDs, ESs,
BSs, and SAs, respectively. Each ES selects an SA to help
them sell resources. Each MD selects an SA to purchase
computing and communication resources to execute and
transmit their application tasks. The SAs, acting as agents,
can coordinate the transactions between MDs and ESs. A set
of locality constraints are considered, including the commu-
nication distance, wireless channel conflict and task latency con-
straints (see Section 2.2 for details). On account of real BMEC
scenarios, each BS employs dynamic bandwidth allocation
[29] for wireless transmission. In this context, workloads
are transmitted over orthogonal channels at a certain data
transmission rate, and the decision to offload will be made
based on latency and communication overhead.

For each MD,, the application task is denoted by
Ap = ADn(Vi, Ep)y fry tny (U, vn) }, where D, (Vy,, Ey) is
a directed task graph used to describe the application task,
fn is the local processing capability of M D,, t,, is the max-
imum latency of A,, and (un,v,) is M D,’s geographical
location. In D,,(V,,, E,,), V., is the set of subtasks in A4,,, and
E, denotes the data dependencies among these subtasks.
Fig. 2 illustrates an example of a directed task graph, where
node sy has 87 Mega Cycles instructions to be performed
and 76KB data is involved to be transferred from sy to
s4. Note that, in our model, the subtasks of an M D,’s
application can be offloaded to only one of its neighboring
ESs.

Each ES,, is equipped with a maximum of H resource
bundles (RBs), each of which can be only used by a single
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MD, and its geographical location is denoted by (zm, Ym)-
The provision profile of each resource bundle h provided by
ES,, is denoted by RByy, ny = {f(m,n)}, Where f(, p) is
the processing capability of RB, p}-

We consider that each BS,,, maintains a set of orthogonal
channels, denoted as C,, = {c1, ¢, -}, all with a band-
width of b,,. Besides, v, is the wireless coverage range of
BS,,. Both MDs and ESs have the option to register either as
transaction clients or validators within the blockchain net-
work. Smart contracts are utilized to automatically trigger
these transactions, aiming to maximize the social welfare in
the BMEC system. A transaction on the blockchain [10] is
composed of:

MD’s address;

ES’s address;

SA’s number;

Payload data: payment value and the auxiliary infor-
mation (e.g., information of the RB);

o MD’s signature: the publicly verifiable digital signa-
ture of the MD.

After each transaction, the details of MDs, ESs and SAs
will be recorded on the blockchain in form of the payload
data associated with that transaction. Specifically, all the
ESs and MDs can select an SA to help them sell/purchase
resources,according to their own preference. Then, the SA
generates the corresponding transaction results according
to its received agent requests.

System Workflow. The interactions between various par-
ticipants in the BMEC system are modeled as follows.

(1) Each ES,, checks the information of SAs by calling
smart contracts, and then submit its selected SA and the
information of resource bundles to the smart contract.

(2) Each M D,, checks the information of SAs by calling
smart contracts, and then submit its selected SA and appli-
cation task A,, = {D,,(Vir, Ep), frs tn, (U, vp) } to the smart
contract.

(3) Each SAj matches resources and tasks by calling
smart contracts, and then determines prices for each task.

(4) SAs provide the matching results to the MDs and ESs,
which decide whether to accept the results.

(5) SAs generate the transactions based on feedback of
MDs and ESs, and then broadcasts it.

(6) Stakeholders vote for different SAs and their transac-
tions.

(7) The SA that receives the highest ballots publishes the
new block.

2.2 Locality Constraints

Communication Distance Constraint. In real MEC system,
due to the limited wireless transmission range, ES,, is
qualified to serve M D,, through BS,, when the commu-
nication distance between ES,,, and M D,, is no more than
the distance threshold 1y, , satisfying

(xm - un)z + (ym - ’Un)2 S Yms (1)

which means that the matching of MD and ES happens only
when both of them are located within the coverage range of
adjacent BS.

Wireless Channel Conflict Constraint. It is imperative
for MD to apply for enough wireless channels from its



TABLE 1
Notations in the BMEC model.

Notation

Description

MD, SA, BS, ES
An

set of mobile device M D, service agent S'A, base station B.S, edge server ES.
application task request of M D,,.

RB(p 1y provision profile of the h-th resource bundle of E'S,,,.

D, (V,,Ep) directed task graph, where V,, denotes subtasks, and E,, denotes task dependencies.
Jrr fm.n) processing capability of M D,, and RBj,, »), respectively.

tn latency constraint of A,,.

(tn, V), (Tms Ym) location coordinates of M D,, and ES,, (or BS,,), respectively.

Ym wireless coverage range of B.S,,.

b, bandwidth of a single channel of the associated B.S,,.

©{(m,h),n} task offloading solution for task A,, to resource bundle RB(,, 5}-

Tﬁ"%’; Ry} minimum completion latency of offloading A,, to ES,, with RB(,, 1}

MD RB
V{(m,h),n}’ V{(m,h),n}
P{m,h}s e{m,h}

tran
(m,h),n
tran tcom
tyran, goomp

nodes executed locally and on ES for offloading A,, to RBy,, p3-
price of resource bundle RBy,, 5} and profit of selling RBy,, )}, respectively.
wireless transmission data volume from M D,, to E.S,,, with RB{y, 1y (or from E Sm to M D).

transmission latency and computation latency of A,,, respectively.

Winn

cost of processing a unit data of A,, and utilizing a single channel of per unit time of BS,,.

powWy, transmit power of A4,,.
Won channel gain of wireless link between M D,, and B.S,,.
o? variance of a zero-mean additive white Gaussian noise power.
dé\anh)_n, df”;f h)n local calculation data volume and the ES calculation data volume, respectively.
U data transmission rate between M D,, and E.S,,, and v, , = logy(1 + mwn072)
)\CO”LP )\tq’an

m,h 7 'm
Cimmyns Clmioyn computation cost and transmission cost of processing A, by RB{, »}, respectively.
Ln, Pn maximum budget and profit of M D,,, respectively.
Ay N social welfare of BMEC system with M ESs and N MDs.

adjacent BS for transmit task data. Corresponding channels
are allocated to M D,, if the number of channels available on
BS,, is greater than the number of channels C(,, ,,) required
by M D,,. In fact, when multiple MDs compete for channel
allocation from a common BS, the likelihood of channel
conflict significantly increases, leading to substantial com-
munication breakdowns.

Let ({n,}(m) = 1 denote that the channel ¢; of BS,, is
allocated to M D,,, and |C,,,| denote the number of elements
in set C,,. To avoid channel conflict, the total requested
channel of involved MDs in BS,,, needs to satisfy

Zc{n,i}(m < |Cpl, @)

which requires that BSs have enough free bandwith sources,
making each MD allocated with a non-overlapping channel.

Task Latency Constraint. The task latency of an appli-
cation task A,, is composed of the computation time ¢
and communication time ¢!"%" between M D,, and ES. To be
specific, the wireless transmission of task data with size of
df;‘ffl))n between M D,, and RBy,, jy leads to t[/*", which
can be computed up according to the Shannon’s formula

[30]:

dtran
tran __ (m,h),n

S Cinay () by - logy (1 4 P2 W

where >° (rn.i1(m) is the number of channels (to M D,,)
allocated by B.S,,, , pow,, and Wy, ,, are the transmit power
of A, and the channel gain of wireless channel between
MD,, and BS,,, respectively, and o2 is the variance of a
zero-mean additive white Gaussian noise power. Note that,
during the execution of task A,,, other network parameters,
e.g., powy, Wy, ,,, and o2, remain constant [23].

; ®)

Suppose d%f’h) , and dgf n),n Tepresent the local cal-
culation data volume and the ES calculation data volume,
respectively. The computation latency t;,°"*?, generated by

implementing the task A,, on RBy,, 1), is calculated by

Amnyn Loy
too"P = max ULLZILASCE AL 4)
{ I Jim,n) )

Then, with consideration of the maximum latency con-
straint ¢,, of A, the task latency of A,, needs to satisfy

HrOn 4 TP < 5)



2.3 Computation and Communication Models

The resource allocation between ESs and MDs serves for
implementation of task A,, which inevitably leads to the
implementation costs. Typically, the costs of implementing
task A, consist of the usage cost of both computing and
communication resources. It is assumed that the cost of pro-
cessing the traffic of A,, using the resource bundle RBy,, 1}
is proportional to the amount of traffic to be processed.
Let A7}7 be the cost of processing a unit data of A,.
The computation cost C(;7"}" | of using the resource bundle

RB{p, n) to process task A,, can be formulated as

Clmitn = Nk’ Aony (6)
Suppose A"®" denotes the cost of utilizing a single

channel of per unit time of BS,,, the transmission cost
C’(tﬁﬁz),n of using resource bundle RBy,, 5} to process task
A, can be expressed as

C(t;g,;i),n = )‘ir,z.an : tf{'an . Z C{n,l}(m)

bm *Um,n ’
where vy, , = logy(1 + %) Overall, the total cost

Cm,n),n of utilizing resource bundle RB,, j, to process A,
can be formulated as

C(m,h),n = C(C:;:lhp)’n + Cf:na}i)’n 8)

2.4 Problem Formulation

To support flexible task offloading, we determine a set of
feasible resource profiles and the corresponding task of-
floading solutions for each MD, which is called the strategy
space of MDs. Each MD is allowed to match the resource
bundle with the minimal cost of task offloading. If a suc-
cessful match is not found, the system continues to search
for the resource bundle with the second-lowest cost. In this
way, MDs can flexibly offload their tasks according to the
resource profiles.

Let ©((m.m.n} = ALl 1), mp> Vilom i, ny: Vil .ny } b2
offloading solution for offloading M D,,’s task A, to ES,,
with resource bundle RBy,, 5, where Tf’(%’ h)n}r V{%Tf h)n}r
and V{?ﬁ,h),n} are the minimum completion latency, the
nodes executed locally, and the nodes to be executed re-
motely, respectively. Thus, for each M D,,, the flexible task
offloading scheme is formulated as follows:

min C(m,h),n = C((.;mhlg,n + Cf:n(,l,TiLL),n’ (9)
s.t.

P{(m,h)n} € Pn, 9.1)

(‘Tm - un)2 + (ym - Un)2 < Ym, (92)

Z C{n,z} (m) < Sum((CnL)a 9.3)

n,i

T(m,h),n < tn, (94)

where ®,, is the strategy space of M D,,.

We next give several basic definitions, and then formu-
late the social welfare maximization problem with the joint
allocation of computing and communication resources.

5

Definition 1 (ES’s Profit). £'S,, sells its resource bundle
RB{p py to MD,, at a certain price, which is denoted by
P{m,n}- Then the profit of ES,, is calculated by

Za{mvh} = Z(p{m,h} - C(m,h),n)~
h h

(10)

Definition 2 (MD’s Profit). Following [17], we consider
that each M D,, has a fixed maximum budget denoted as p,
for its task A,,. If the price py,, 5} it pays for RBy,, p) is less
than p,,, M D,, will collect a profit of

Pn = KUn — D{m,n}- 11)

Note that only when p,, > pim .y, M Dy, wants to buy the
resource bundle RBy,, 5} from ES,.

Definition 3 (Social Welfare). The primary economic
goal of task allocation is to maximize the profits of all
ESs/MDs in the system under locality constraints. Let A s v
be the social welfare in BMEC with M ESs and N MDs, the
A,y is formulated as

A]\LN = Z a{m,h} + Z Pn
m,h n

— Z (/an - C(m,h),n) : l{(m,h),n}~

m,h,n

(12)

If M D,, matchs RB(,, 1), the value of I{( pn)n} is 1, other-
wise l{(m,h),n} = 0.

Definition 4 (Social Welfare Maximization in JCCA).
Based on the above definitions, the social welfare maximiza-
tion in JCCA is formulated as

max Ay n = Z (tn = Cm,nyn) ~ Limh)n} (13)
m,h,n
s.t.

N

Z l{(m,h),n} <1, l{(m,h),n} € {07 1}7 (131)
n=1

N M

S Ymmyny - Cimmy < |Cil. (13.2)
n=1m=1

The formula (13.1) guarantees that for each M D,,, its
task can only be offloaded to at most one resource bundle
in its adjacent ESs. The formula (13.2) ensures that for each
BS,,, the total number of its sub-channels for MDs cannot
exceed the number of its own available sub-channels. Our
goal is to maximize the total social welfare Ay, x under a
set of locality constraints (Eq. 1, Eq. 2, and Eq. 5).

Theorem 1 (NP-hard): The social welfare maximiza-
tion in JCCA is NP-hard.

Proof. In fact, the social welfare maximization in JCCA
with constraints (13.1) and (13.2) is a two-dimensional knap-
sack problem [32], [33] which is proven to be NP-hard. It
is obvious that the two-dimensional knapsack problem is
a special case of the social welfare maximization in JCCA.
Therefore, the social welfare maximization in JCCA is also
NP-hard.



3 DESIGN OF NOLATA oVER SMART CONTRACTS

The proposed NOLATA is designed as a multi-stage task
matching game, which integrates smart contract based se-
lection of service agents, minimum delay task graph offloading
algorithm, task matching and pricing strategy, and social welfare-
driven PoS consensus mechanism, detailed as follows.

3.1 The Selection of Service Agents

At the stage of SA selection, each ES/MD needs to select
an SA to help them sell/purchase resources according to
its preference, aiming to get highest utility, as shown in
Algorithm 1.

For ESs, such preferences can be estimated by the com-
bination of SA’s reputation and the number of past MDs.
The rationality of this approach lies in the fact that 1) the
higher the reputation value of SA, the greater the likelihood
of successful transactions; 2) the more MDs it has, the more
tasks it will assign to ES. Therefore, the preference o, » of
ES,, over SA; is formulated as

Om,k = Nlm * w]£ + (1 - nm) <, (14)

where @}, is the total number of MDs who chose S 4 in the
first I round, ¢y, € [0, 1] is the reputation of SAj, which is
initialized to 1, and n,,, € [0, 1] is the trade-off coefficient of
ES,.

For MDs, the preference 7, ; of M D, over SAj can
be estimated by the combination of SA’s reputation and
resource availability:

Tok = Nn - Xnk + (1 — 1) - Vr, (15)

where X, = M;C;[]‘C”“ € [0,1] is resource availability of SC},

(ally is the number of RBs covered by SC}, and ava,, j is the
number of RBs available to M D,,), and 7, is the trade-off
coefficient of M D,,.

The reputation value of S Ay, after ¢ rounds is decreased

by
L=k (1—e),

where e} = A}C — Ay, AZ is the social welfare if all MDs
choosing SAj, at round i have completed matching, Af is
the real social welfare obtained by SAy, and ¢ € [0, 1] is the
trade-off coefficient.

(16)

3.2 Task Offloading Scheme in Smart Contracts

In our design, we utilize the smart contracts to perform two
functions (accessible to users through message invocation)
for facilitating flexible task offloading between MDs and
ESs:

1) “Upload”: At first, MDs and SAs are enabled to
upload messages to the smart contract.

2) “Offload”: MDs are enabled to offload a set of
subtasks to ESs managed by their selected SAs.

After "Upload”, we propose and perform a smart con-
tract based minimum delay task graph offloading algorithm to
solve the flexible task offloading problem in Eq. 9, as shown
in Algorithm 2. First, for each node s € V,,, we compute the
local execution time and edge execution time, i.e., té” D and
tfs, respectively (Lines 5-7). For each edge (sg4,s) € En,

Algorithm 1 Service Agent Preference Selection Strategy

Input: the set SA, ES, and M D, the trade-off coefficient 7,
and 7,,;

Output: the maximum preference set res =
{016, s OM by TLRs TN ]S
1: res = ¢;
2: for ES,, € ES[M] do
3: 0=0;
4 for SA, € SA[k) do
5 Calculate 91 according to Eq. 16;
6: Calculate w,ﬂ ;
7: Calculate g, according to Eq. 14;
8: if 0 < o,k then
9: 0 = Om,k,
10: end if
11: end for
12: res =resUp;
13: end for
14: for M D,, € M D do
15: T=0;
16: for SA, € SA do
17: Calculate 3, according to Eq. 16;
18: Xnk = "G
19: Calculate 7, according to Eq. 15;
20: if 7 < 7k then
21: T = Tn,k;
22: end if
23: end for
24: res =resUr;
25: end for

26: return res;

we compute the transmission latency, i.e., t*;;f" (Lines 8-10).
Next, we initialize the minimum completion time T(Trﬂ)m)
and A tobe +o00 and {s,, sq} (Where s, and s, are the input
node and output node of D, (V,,, E,), respectivly) (Line 12).
We repeatedly choose the subtask with the smallest gain
and append it to A, where Q(s) = tMP —¢FS % giran
denotes the gain obtained by subtask s when it is executed
at ES (Lines 13-21). Then we determine whether executing
node s; (with the maximum gain) on ES can reduce the
overall execution time. If yes, subtask s; will be executed at
ES (Lines 23-27). Then, the task offloading solution outputs,
involving the minimum completion time T(mwf%,n, the corre-
sponding node sets V') . for local execution and V7%, |
for ES execution (Line 33).

3.3 Task Matching and Pricing Strategy in Smart Con-
tracts

Based on the aforementioned strategies, we now present the
smart contract based task matching and pricing strategqy for
the social welfare maximization problem. First, we utilize
the smart contract to perform two two main functions in
this phase as follows:

1) “Upload”: MDs and ESs upload messages to the
smart contract.

2) “Matching”: MDs purchase ES’s computing and
communication resources from SAs for these ESs.



Algorithm 2 Minimum Delay Task Graph Offloading Algo-
rithm
Input: A, = {Dn(Vo, Ep), fr,tn, (un,vn)}, ESp’s geo-
graphical location (2, Yim ), RBm.n = { f(m.n) };
Output: 9 ((mn).ny = AT )y Vilmmyny Vilmm,ny

1 if (7, — un)? + (Ym — vn)? > 71, then

2: return False;

3: end if

4: V =V,

5. fors € V,, do

6 té\/[D =ds/ fn, tfs = dS/f(m,h)?
7: end for

8: for (sq, sp) € E,, do
Calculate t‘;;f‘" according to Eq. 3;

10: end for

11: while |V,,| > 1 do

12: {(nfh) ny = 100, A= {sq,84};
13: while A # V,, do

14: min = 400, Nmin = null;

15: fors e V,/Ado

16 Q(s) =MD —4BS _ 3 gtron,
17: if Q(s) < min then

18: min = Q(s), Smin = S;
19: end if

20: end for

21: A= AU snmin;

22: end while

23: Select the last subtask added to A as s;;

24 Tpajgsysy =ty 0 — [P =75 = 3 ca i)

25: if T{A/{sl} s < T{'(L,;;Lh)

26: Titmmmy = Teastsy, s V{ )y = A/{si}
Vil =V =V

n} then

27: end if

28: V, = Vn/{sl};

29: end while

30: if T{(m ot > tn OF 2, Ctn,iy(m) < num(C,,) then
31: return False;

32: end if

33: return ((m,n).ny = {T{ (i ny nys Vilmmynys Vilmmyny

Task Matching. To achieve maximum profit, each SAy
needs to consider a subset of tasks that may lead to max-
imum profit given limited resource bundles. Therefore, we
transform the problem of qualified resource bundle selection
by each MD into the problem of pursuing a minimum
weight perfect matching in a bipartite graph.

In bipartite graph G, = (Vi, Ex) of SAg, the node
set Vj, contains two disjoint subsets A and RB, repre-
senting the set of task A, and resource bundle RBy,, 1},
respectively. The edge (An, RBy,, )) denotes the match
between A, and RBy,, 5} under locality constraints. Recall
that the profit received by ES,,, due to serving task A, is

Fig. 3. An example of the constructed bipartite graph Gy,.

>on Otmny = 2on(Pgm,ny — Clmoh),n)- SINCE Py, is NOt de-
termined, maximizing the profits of all ESs managed by S Ay,
means minimizing their cost of performing tasks. We thus
consider the cost of matching A,, and RBy,, 5} as the weight
of edge (A, RB{mJL}), e, w(Ay,, RB{m,h}) = Clm,h),n-

As shown in Fig. 3, the resource bundle RBy,, 5} can
serve task A,, of M D,, iff all locality constraints are satisfied.
For example, the distance Dy 4 between ES, (BS>) and
Ay does not satisfy the distance constraint, thus A4 cannot
match resource bundles RB, 1} and RBys 7). Additionally,
the minimum latency of completing task A3 over RBy3 )
exceeds the latency constraint of t3, thus Az cannot match
resource bundle RBy33;. Moreover, RBy, 1} is not able
to allocate enough communication resources to task Aj,
thus A; cannot match resource bundle RBy; 1. We set the
weight of edge (A,, RBy, }) as oo if either locality con-
straint is not satisfied, which indicates the illegal matching
between A, and RB,, »}. Besides, it is highly likely that |.A]
is not equal to |RB|. In this situation, we will add enough
dummy nodes for the party with fewer nodes to ensure that
|A| = |RB|. The weight of the edge associated with the
dummy node is set to infinity.

With constructed G, we can find a minimum weighted
perfect matching M, using the HK matching algorithm [27].
The M, will minimize the cost of all ESs managed by S Ay,
i.e., each edge (A, RByy, 5}) in M}, enables M D,, to obtain
resource bundle R By, ) so that task A,, can be completed
at minimum cost.

Opportunity Cost Principle of Conflict Resolution.
For multiple MDs, all of which request the same chan-
nel of BS,,/ES,, that has requested resource bundles
(RB{m,1y, s RB{m,ny), if the free channel of BS,, can
only satisfy one of them, then the wireless channel conflict
happens. In addition, if multiple MDs can achieve the low-
est task implementation cost on the same resource bundle
RB{p, ny of ES,y, this will inevitably lead to resource bun-
dle conflict between MDs, similar to the wireless channel
conflict. To resolve these conflict, we design an opportunity
cost strategy to determine which one of multiple MDs has
right to access the requested channel (or resource bundle).

Definition 5 (Opportunity Cost). Given MDo =
{MDy, ..., MDy} and their matched ES,,, if only one MD



can be selected as winner, the opportunity cost of £Sy, is the
highest-valued foregone alternative of M Do\M D,, when a
choice is made (i.e., M D,, € M Dy is selected), defined as

OC’:ln = Ina“X{a{(’rn,h),n}(‘]\4132”v z 7é n, 1 <z< N}7
17)

where 0 (,, ny,n} is the profit of the resource bundle RB,, 5,
requested by M D,, of ES,,, which is calculated by Eq. 10.

This opportunity cost strategy can optimize the allo-
cation of limited resources. When multiple MDs request
the same wireless channel (or resource bundle) of BS,,
(or ES,,), the opportunity cost of Eq. 17 is used as the
measure to determine the winner. That is, the MD with
lowest opportunity cost will win the competition of getting
the wireless channel (or resource bundle).

Task Pricing. Each MD/ES is selfish and it only chooses
the most beneficial scheme. Aiming to incentive each task
A,, to select it, each ES,, follows the second price principle
[34] to set the price of its resource bundle severing for each
task. The price set by ES,, for the task should not be higher
than the second lowest cost set by current ESs for it. This
is the highest price that ES,, would like to get away with
charging A,; charging any more would give some ESs an
incentive to compete for this task, which ensures that both
seller ES,, and buyer M D,, receive the maximum benefit
simultaneously.

3.4 Social Welfare-Driven PoS Consensus Mechanism

Due to the limited computing and communication resources
in the target BMEC system, conventional consensus mech-
anisms such as PoW and PoS often suffer from inefficiency
and wealth inequality [35], [36]. To handle the above issue,
we utilize the stake of each stakeholder by the profits they
can earn from the respective transaction, and then introduce
a social welfare-driven PoS mechanism for BMEC, where the
stakeholder with the highest ballot proportion is granted the
right to generate a new block.

In our design, a single block is published in each time
slot, and each epoch is made up by several consecutive
time slots. At the starting of each epoch, a genesis block
logs all stakeholders holding stakes. Any MD, ES, or SA can
participate in the blockchain as a stakeholder based on their
stakes (i.e., profit or reputation). However, MD/ES stake-
holders cannot publish blocks, to purchase/sell resources,
they must vote for their selected SA stakeholder to help
them obtain the right to publish blocks. SA stakeholders
compete for the right to publish blocks to fulfill the tasks of
MD stakeholders, sell the resources of ES stakeholders, and
earn rewards from blockchain. Note that only the SA whose
normalized reputation is greater than the threshold can reg-
ister as a stakeholder who can publish blocks. The proposed
mechanism includes three stages within each epoch:

Stage 1 (Ballot allocation): At the starting of each epoch,
MD and ES stakeholders are allocated to different ballot
proportions based on their stakes.

In the conventional PoS mechanism, the stake relies on
the coinage. However, the BMEC system emphasizes the
maximization of social welfare. In this context, we define
the stakes of stakeholders as the profits they can earn from
the respective transaction. The ballot proportion of MD
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stakeholder ¢ and ES stakeholder j are defined by Eq. 18
and Eq. 19, respectively.

Pi

P . B— 18
0

o : : 19

H] Zn pn + Zm 0m ( )

where p; and 0; are the profits of MD stakeholder ¢ and ES
stakeholder j, respectively.

Stage 2 (Voting of stakeholders): MD stakeholders and
ES stakeholders vote for its selected SA stakeholder. The SA
stakeholder that receives the highest ballots publishes the
new block.

Stage 3 (Legitimacy verification): At each validation
stage, the SA stakeholder that receives the highest ballots
generates and then broadcasts the information about its
transaction. Due to the transparency and verifiability of
the number of profits and ballots, all the stakeholders can
verify the legitimacy of the block publisher. If the validation
fails, they will continue to validate the SP stakeholder that
can obtain the second highest ballots. Then, the first SP
stakeholder that is successfully validated will publish block.

3.5 NOLATA Algorithm

To sum up, Algorithm 3 shows the main procedures of the
proposed NOLATA, which is a multi-stage task matching
game via integrating the aforementioned strategies and
mechanisms, where SAs and MDs are strategic players. At
Stage 1, MDs and ESs select an SA to purchase resources or
help them sell resources (Line 4). At Stage 2, the SA obtains
a feasible and flexible policy set for task offloading for
each MD by invoking the minimum delay task graph offloading
algorithm through smart contract (Lines 5-8). At Stage 3, the
SA decides which resource bundle completes MD’s task and
sets the corresponding price through the task matching and
pricing strategy in smart contract (Lines 9-15). And at Stage
4, blockchain nodes validate the transaction that achieves
the highest ballot proportion (Lines 16-19).

4 NEAR OPTIMAL AND STABILITY ANALYSIS FOR
NOLATA

In this section, we first give basic definitions, and then
analyze the properties of the proposed NOLATA.

4.1 Definitions and Lemmas

Definition 6 (Potential Game). Let K be the number of
SPs, A be the set of action profiles over the action sets L;
of each ES and 6; be the payoff function. Given a game
G = (Ly,La,--- ,Lk,01,02,--- ,0k), we call the function
A:Li xLyx---xLg —+Ra po’Eential function for G if
Vi € {1, 2, ce ,K}, Vl_z € L_i, Vlz,ll € Li, and

0i(Liy i) — 05 (lis1_s) = Ay, 1_3) — Al 1) (20)

Then we call a game that has a potential function as a
potential game, where there exists a Nash Equilibrium.
Definition 7 (PoA). Price of Anarchy (PoA) = (global
optimal solution / the minimum value of the NE solution).
In principle, the larger the PoA, the worse the NE solution.



Algorithm 3 NOLATA: Near Optimal Locality-Aware Task
Allocation
Input: the sets M Diny, E£S(a, and SAgy;
Output: final transaction results;
1: Each M D,, calls the "upload” function and sends task A,
budget 1, to smart contract;
2: Each ES,, calls the “upload” function and reports its basic
information to smart contract (e.g., the number of RBs);
3: Smart contract verifies the information of MDs and ESs;
/* Stage 1. MDs and ESs select an SA. */
4: Invoke Algorithm 1;
/* Stage 2. The smart contract obtains the policy space PSy,
for each M D,,.*/
: for M D,, € M D do
Invoke Algorithm 2;
PS,=PS, U ©{(m,h),n}s
: end for
/*Stage 3. Task matching and pricing*/
9: Construct the bipartite graph Gy = (Vi, Ex);
10: Find the minimum weight perfect matching My;
11: if channel conflict or RB conflict then

12: Use opportunity cost principle to select winners,
according to Eq. 17;
13: end if

14: Set the price for each M D,, based on the second lowest cost;

15: Generate the transactions according to MDs/SPs’ choices;
/*Stage 4. Blockchain nodes validate the transaction*/

16: Smart contract generates and broadcasts transactions for
each SA;

17: Distribute the ballot proportion to each stakeholder accord-
ing to Eq. 18 and Eq. 19;

18: Each stakeholder votes for the transaction they support;

19: Blockchain nodes validate the transaction that achieves the
highest ballot proportion;
return Final transaction results.

Definition 8 (Regret). For the social welfare maximiza-
tion problem, the regret of the game is defined as the
expected deviation of the social welfare of the obtained
solution from the optimal solution in each round, ie.,
regret = E[A — A*], where A denotes the social welfare
obtained by NOLATA and A* is the obtained social welfare
based on the optimal strategy.

Lemma 1 (Individual Rationality): The proposed
task matching game for the social welfare maximization
problem in BMEC is individual rational.

Proof. For each M D,, it has a budget p,, for fulfilling
its own task A,,. For A,, it gathers a profit of ., — pym n}
if RB{y, n} is matched. Since an MD only buys a resource
bundle RBy,, ny if pin > pym,n) at the cost of pg,, 5y, the
mechanism is individual rational for MDs. For each ES,,,
its profit depends on the prices it sets for tasks and the
cost of executing them. Since the price it sets for each A,
is not higher than the second lowest implementation cost
of the ES for A,,, which makes the MD to consider E.S,, as
its best choice, and then leads to a non-negative profit, the
game thus is individual rational for ESs as well. Besides, the
social welfare of the BMEC system is composed of the total
profits of all MDs and ESs, and according to our matching
principle, the social welfare of the BMEC system will be
non-negative.

Lemma 2 (Potential Game): The proposed NOLATA
for the social welfare maximization problem in the task
matching is a potential game with potential function
A M,N-

Proof. Showing that the game of NOLATA is a potential
game, we need to show that if F.S,, changes its strategy
L, then the change in social welfare Ay n is exactly the
change in ES,,’s revenue. To prove this, let’s assume that
ES,, chooses to quit the game. If ES,,, drops out, each A4,
that was served by ES,, switches to its second best choice
ES,,. For task A, ES, is the second best position of ES,,,
then the cost D{m,h} of ES,, is the price of ES,,. Assuming
the price of ESy, is Py 3y, the changing value of social
welfare is the social welfare when strategy L is adopted
minus that when strategy L is adopted, i.e.,

ApN(L) — AN (L)
= [P iy = Plmoh} + o = D iy
= [Ptm.ny = Comnyn + o — Pm,ny]
= Clm,h)n = P{m,h}>

21)

where C,, 1) n is the cost of ES,,,, L is the strategy of ES,
and L is the strategy of ESp,.

In strategy L, the revenue of ES,), is O m,ny (i) =0, and
in strategy L, the revenue of ES,, is Oy, n) (L) = Dgm,n} —
Cm,h),n- SO the revenue change of ES,,, is

e{mh}(L) - a{m,,h} (L)
= Cm,h),n — P{m,h}

= Apn(L) — Apn(L).

The proposed game thus is a potential game.

(22)

Lemma 3 (Submodularity): A(A) is submodular.
As the number of elements in the strategy set increases,
the function increment caused by adding a single ele-
ment to the strategy set decreases monotonically, also
known as the diminishing marginal utility. Mathemati-
cally, for any strategy set P C Q C R, 3{e} € R—Q,
we have AM,N({G} U Q) — AN[,N(Q) < AMJV({B} U
P) — Apy,n(P).

Proof. The social welfare of the task matching game
consists of the revenues of both ESs and MDs, i.e., Ay =
SN pn+ M 0,,, and the strategy set for ESs is the set
of all resource bundles they own. Let P be their selected
set of resource bundles to serve MDs so that an NE can
be reached. To show that A, n is submodular, we need to
show that the marginal benefit to Ay is diminishing as
more resource bundles are added into set P to serve the



MDs. By rewriting the social welfare, we have

M N
Aun(P)=> O0m+> pn
m=1 n=1

= Z Z [1in = P{m,h} T P{m,n} — C(m,h),n] (23)
reRA,€EA

= Z Z [:LLTL _C(m7h),n]-
reRA,EA

We assume that {e} is a better resource bundle for any task
compared with those in set R, and A is the set of all tasks.
Similarly, we have

AJ\LN(P U {6})

= Z [ Z (:un - C(m,h),n)]

re{PU{e}} A,c€A
= AM,N(]D) + (Mn - C({,,Z};h)’n) - (,un - C(m,h),n)

= AN (P) + Clmpyn — Clid i s

(24)

where A, is the task assigned to resource bundle {e} under
strategy P whose implementation cost on resource bundle

{e}is C({:l}h) v and

Ay N(QU {e})

= > [ (= Clnny)]
re{QuU{e}} A, €A

= Aun(Q) + (- Cl )

— (tn, = Cimnyn?)

= AnM(Q) + Clompy i — Ci{;},h),n/y

where A, is the task assigned to resource bundle {e} under
strategy () whose implementation cost on resource bundle
{e}is C({;}:h),n"

It is clear that in the original strategy P, the saving in the
implementation cost for task A,, is higher than that of task
A,; otherwise, task A, will be assigned to {e} instead of
A,,. Therefore, we have

(25)

Common = Clnmynr < Commyn = Clntny o (26)
which also means that
Ap,n({e}UQ) — Ann(Q) 27
< Ayn({e}UP) — Ay n(P).

Thus, the submodular of Ay x(P) is proven.

4.2 Nash Equilibrium and Stabilility

Theorem 2: (Price of Anarchy) The proposed mech-
anism NOLATA can obtain the NE solution, and the
PoA of the NE solution obtained is at most 2.

Proof. We first prove that the solution obtained by the
proposed mechanism is an NE solution. Recall that Ay n
is the social welfare we defined in the task matching game.
As shown in Lemma 2, A/ w is the potential function. Let ¢
be a pure strategy vector maximizing Az, n(Q). Since any
move by player B; that results in a new strategy vector (),
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Anm(Q) < An,n(Q) holds. By Lemma 2, we further have
Bi(Q) — Bi(Q) = An,n(Q) — Anr,n(Q) < 0, where f3; is the
profit of player B;. Obviously, B;’s profit can not increase
from any move, and thus @) is stable. Note that any strategy
@ with the property that Ay n(Q) cannot be decreased by
altering any one strategy in () is an NE solution. This also
means that the proposed mechanism converges to NE.

Let Q be the set of resource bundles selected at the NE,
and O be the strategy space of the socially optimal solution.
Obviously, Ay, n(Q) < Apr,n(QUO) holds. Assuming that
O; is the strategy of the first i player in the optimal solution,
we have (for ease of writing, we omit the subscript {N,M})

A(0) - A(Q) < A(QUO) - A(Q)
N+M

28
= Y AQUO) - AQUO] )
i=1
By Lemma 3, we have
A(Q U Ol) - A(Q @] Oifl)
= AQUO;U{o;}) — A(QUO;—1) (29)

IA

AQ —{gi}U{o}) — AQ — {a:}) < Bi(Q),

where 0; and ¢; are the strategy of the player B; in the
optimal solution and the NE solution, respectively. We can
further obtain

M+N
A0) = AQ) = Y Bi(Q) = AQ) (30)
i=1
Based on Eq. 30, we finally construct
AN (0) <2AM,n(Q), 31

which means that the PoA of the proposed mechanism is at
most 2. The Theorem 2 is proved.

4.3 Near Optimal Solution

Theorem 3 (Near Optimal Solution): Algorithm
NOLATA has a regret of (H:]l) In K.

a

Proof. Let’s first assume that >, e} = Eji, and SAIT! =
I+1
argmax; ., < i Py

Let & = Zszl 1/J]€ be the total reputation of round I.
The reputation of each SA after round I then is

I
I+l — gl T (1 ) = (1 — ) B, (32)

Due to 1 — ¢ € [0, 1] and the fact that V 0 < @ < b, we have
(1 —¢)® > (1 —¢)®. Then, the ®'*1 satisfies

B > It = (1 — )P > (1—e)? . (33)

The relation between the reputation and the social welfare
in the game can be formulated as
i K i+1 K j H
AR DAL /AL DAL U ¢ St
i g B i )

Let’s first define pi = i’“ .

(34)

Then, due to the fact that Va, b >



0,z > 0, we have (1 — £)* < 1 — ax + bx?. We can obtain

i i i i\2
Pt < Eé{zlwk[l_a'ek"_b'(ek) ]
i = i

K (35)
§K-Z[(1—a-ef€+b-(e§€)2
k=1

Since e}, = A}C — A}, < 00, we can find a positive integer .J
that holds e}, < J - A}. Then Eq. 35 can be expressed as
Pit+l K o K . .
g S1-al ;(AZPZ) +bJ° ;((M)%)
=1—aJ - E[A®)] +bJ? - E[A?(3)],

(36)

where A(i) is the social welfare in round ¢ and A =
>; A(4). By taking the logarithm operation on Eq. 36, and
due to the fact that V = > 0, In(1 4+ z) < « holds, we have

(I)i-i-l ' ) 0.
In & <InK(1—aJ - E[A(i)] +bJ° - E[A%(3)]) 37)
<InK —aJ - E[A(i)] + bJ? - E[A%(i)].
Further, we can have
I Hitl
> In g <IWMK—aJ E[A]l+ bJ? - E[A7. (38)
i=1
Based on Eq. 33, we have
L it .
Zln e In® 1 —Ind! > 1n(1 - ) —InK. (39)
i=1
If the value of b is taken as 0, we have
ImK —aJ-E[A] > A" In(l —¢) —InK. (40)
Through linear transformation of Eq. 40, we can get
aJ -E[Al<(I+1)InK — A" -In(1 —¢). (41)
That is to say,
I+1 In(1 —
E[A - A% < I+ )anfA*V(MJrl). (42)
a aJ
If the value of a is taken as % In ﬁ > 0, we have
I+1
regret = E[A — A¥] < (7?) In K. (43)
a

Then Theorem 3 is proved.

5 PERFORMANCE EVALUATION

5.1 Experimental Setting

We conduct extensive simulations to evaluate the perfor-
mance of NOLATA. The system parameters are given in
Table 2. In addition, for each MD, we use the method in
[37] to generate the directed task graph for evaluation. We
follow a random distribution to generate the cost matrix
(including computation cost and transmission cost) of ESs,
with its values varied from 20 to 40. We then set the budget
of MD as the average cost of all resource bundles serving
this MD. The running time of each algorithm is obtained
based on a machine with a 2.90GHz Intel i5-9400F CPU and
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TABLE 2
A comparision of different social welfare maximization mechanisms.

Description Value

the number of MDs [100,1000]
the number of ESs [10,100]
the number of SAs 10

the number of RBs owned by E S, [10,20]

processing capability of RB(, »)
the number of sub-channels of BS,,
the bandwidth of sub-channels

{8,10,12,14,16}GHz
{4,6,8,10,12,14}
20 MHz

8 GiB RAM. Unless otherwise stated, these parameters are
taken as the default.

Then, we compare NOLATA with two popular allocation
methods including: 1) Social Welfare Improved Double Auc-
tion (SWIDA) [10], which introduces a smart contract based
double auction mechanism in BMEC to build up the leasing
association between the sellers and buyers, and determine
the pricing of the winners. 2) Truthful Combinatorial Double
Auctions for Mobile Edge Computing (TCDA) [6], which
employs a truthful combinatorial double auction mecha-
nism with a dynamic pricing strategy.

5.2 Property Verification of Individual Rationality

To assess the individual rationality of the NOLATA, we plot
the curve of the cost of the ESs vs the price of the ESs, and
the curve of the budget of the MDs vs the price of the ESs, as
shown in Fig. 4. Fig. 4 (a) indicates that the cost of each ES
always does not exceed its price. At the same time, Fig. 4 (b)
shows that the price of each ES does not exceed the budget
of the corresponding MD. These results demonstrate that
all MDs and ESs can achieve non-negative profits, which
encourages them to participate in our BMEC system. As a
result, the NOLATA is individual rational.

5.3 Performance of NOLATA

We evaluate our NOLATA using different performance in-
dicators, including social welfare, runtime, and the profits
of MDs and ESs, as shown in Figs. 5-6.

Social Welfare. From Fig. 5 (a), we can observe that the
social welfare obtained by NOLATA is very close to the
optimal social welfare, which support Theorem 3. At the
same time, we can also observe that as the number of tasks
increases, the effectiveness of NOLATA is very stable, which
validates the near-optimality of NOLATA in the large-scale
BMEC system, i.e., NOLATA can deal with a large number
of tasks without sacrificing performance. Moreover, our
NOLATA consistently demonstrates higher social welfare
compared to TCDA and SWIDA. This is attributed to the
fact that NOLATA encourages the MDs to offload tasks
in a more flexible manner, providing them with increased
opportunities to match resource bundles effectively.

Computational Efficiency. Fig. 5 (b) illustrates the com-
parison in terms of computational efficiency by recording
the runtime results with an increasing number of tasks.
TCDA doesn’t require the consensus mechanism verifi-
cation process since it operates within the MEC system,
and thereby it has a shorter runtime. NOLATA operates
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within BMEC and needs to perform social welfare-driven
consensus mechanism, which requires computation cost.
However, the runtime of NOLATA is only slightly longer
than that of TCDA, which also exhibits the efficiency of
the proposed consensus mechanism. Furthermore, the run-
time of NOLATA is significantly lower than SWIDA, which
uses consensus mechanism. This substantial difference is
attributed to the efficiency of the consensus mechanism
used in NOLATA, which allows all verifiers to unanimously
and efficiently validate transactions that maximize the social
welfare, eliminating the computation cost wasted in the
voting process used by SWIDA.

ESs/MDs’ Profits. Fig. 6 (a) - (b) show the total profits
of ESs and MDs obtained by each method, respectively. We
can see that the general trend is that the total profits of ESs
and MDs grow accordingly with the increase of the number
of tasks. However, unlike the average profit of ESs in Fig. 6
(c), which increases with the number of tasks, the average
profit of MDs declines in a stable way, as shown in Fig. 6 (d).
This is due to the fact that the fiercer competition among
MDs contributes to higher pricing of ESs, which finally
reduces the profit of MDs. Since SWIDA didn’t consider
the profit of MDs, we didn’t show them in Fig. 6 (b) and
Fig. 6 (d). Moreover, it is clear that the total profit and
average profit of NOLATA is significantly better than that
of its counterpart, because that NOLATA is able to enable
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Fig. 5. Social welfare and runtime.

flexible task offloading, resulting in more tasks being met.

5.4 Performance of Consensus Mechanisms

We consider that the reward for publishing a new block is
proportional to the number of MDs successfully trading in
the new block. That is to say, the SA (serving as miner) who
completes more tasks will receive more rewards from the
system. Therefore, the wealth level of different SAs can be
represented by the number of tasks they have successfully
matched, and the more tasks they have completed, the
richer the SA will be. The SA whose task completion rate is
below the poverty line (i.e. 70% of the average task), can be
regarded as an impoverished SA. Fig. 7 compares the num-
ber of tasks completed by each SA in our proposed social
welfare-driven PoS mechanism with the conventional PoS
mechanism. Obviously, compared with conventional PoS,
it is observed that our proposed social welfare-driven PoS
mechanism can enable SAs to complete task matching more
fairly. When the total number of tasks is fixed, conventional
PoS mechanisms always generate a few excessively wealthy
SAs and a large number of poor SAs, while our proposed
mechanism has fewer poor SAs, and the number of tasks
completed by different SAs is relatively uniform. Therefore,
our proposed social welfare-driven PoS mechanism can
reduce the wealth inequality among the SAs.
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6 RELATED WORK

Recently, the design of resource/task allocation mechanisms
for the BMEC system has received a surge of attention [10],
[21], [22], [38], [39], [40], [41]. Pioneer attempts focus on
the design of auction-based task allocation mechanisms [10],
[38], [39], [41]. For example, [41] propose an auction-based
cluster federated learning scheme. Besides, a smart contract
based double auction mechanism [10] is developed and
used in the BMEC system. However, this method focuses
on the profit of sellers rather than those of both buyers
and sellers, and thus cannot get the maximized total so-
cial welfare of the system. Aiming at the trading between
computation service provider and blockchain miners, [38]
proposes an auction-based model for efficient computing
resource allocation. However, it concentrates on computing
resource allocation, but ignores communication resources.
Then, [39] proposes to explore a hierarchical auction model
for both computing and communication resource allocation,
which however neglects the impact of computation latency
and cannot guarantee individual rationality.

Fortunately, the game theory becomes a promising way
to deal with complex resource/task allocation problems in
the BMEC system, where several game-based methods have
been proposed and developed [21], [22], [40]. For example,
a potential game mechanism for the task offloading of edge
devices is designed and the existence of a Nash Equilibrium

100 200 300 400 500 600 700 800 900 1000

the number of tasks
@TCDA ' NOLATA

(d) MD’s average profit

in the mechanism is analyzed [21]. [40] utilizes the mean
field game to model the collective scheduling behaviours
of all edge servers. [22] proposes to model the interactions
between service providers (sellers) and miners (buyers) as
a stochastic Stackelberg game under private information to
maximize the profit of miners. However the above game
theory based approaches do not consider various locality
constraints in the practical BMEC system.

To better understand the comparison of our NOLATA
with the existing works, the comparative study is summa-
rized in Table 3. Most of existing mechanisms for the BMEC
applications do not explicitly consider the locality con-
straints and flexible task offloading. Meanwhile, they cannot
guarantee a set of desirable properties required by real ap-
plications, such as individual rationality, Nash Equilibrium,
and stable approximation ratio. Therefore, it is urgently
needed to devise effective task allocation mechanisms to
bridge the gap between existing works and requirements
of real BMEC system.

7 CONCLUSION

In this paper, we propose a near optimal locality-aware
task allocation mechanism for the BMEC system. We first
construct a social welfare maximization model with a set
of locality constraints including, i.e., communication distance,
wireless channel conflict and task latency constraints. Then, we
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TABLE 3
A comparision of different social welfare maximization mechanisms.

Mechanism Properties!
FTO JCC CD WCC TL IR NE NO
[10] X v X X X v v X
[38] X X X X X v v v
[39] X v X X v X X X
[21] X v X v v X v v
[22] X X X X X X v v
[40] X v X X v X X v
[41] X v X X X v v X
NOLATA v v v v v v v v

! Flexible task offloading (FTO), Joint Computing and Communi-
cation Resource Allocation (JCC), Communication Distance (CD),
Wireless Channel Conflict (WCC), Task Latency (TL), Individual
Rationality (IR), Nash Equilibrium Solution (NE), Near-Optimality
of Solutions (NO)

design a multi-stage task matching game, which integrates the
preference-based selection of service agents, the minimum
delay task graph partitioning for task offloading, and social
welfare-driven PoS consensus mechanism. The significant merit
of NOLATA is the theoretical guarantee of the desirable

features including individual rationality, Nash Equilibrium,
and stable approximation ratio, with explicit consideration
of flexible task offloading in the joint computing and com-
munication resource allocation process. Extensive simula-
tion results verify the effectiveness and efficiency of the
proposed NOLATA. In future work, we will extend the
NOLATA mechanism to one-to-many MD-RB association
scenario, where each MD can be served by multiple RBs
at the same time.
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