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Abstract—The integration of Artificial Itelligence (AI) and edge
computing has sparked significant interest in edge inference ser-
vices. In this paper, we consider delay-sensitive, differential ac-
curacy inference services in a Mobile Edge Computing (MEC)
network while meeting user stringent delay and accuracy require-
ments. We formulate two novel profit maximization problems un-
der static and dynamic settings of service request arrivals, with the
aim of maximizing the accumulative profit of admitted requests. We
assign differential accuracy service requests to the corresponding
resolution instances of their requested service models, assuming
that each resolution instance can serve up to L > 1 the same
type of service requests. Since the profit maximization problem
is NP-hard, we first formulate an Integer Linear Program (ILP)
solution if the problem size is small or medium; otherwise, we
devise a constant randomized algorithm with high probability.
Then, we consider dynamic service request admissions without the
knowledge of future request arrivals for a given finite time horizon,
for which we develop a simple yet effective prediction mechanism
to accurately predict the number of different resolution instances
of each model needed, and pre-deploy the predicted number of
resolution instances into cloudlets to reduce instantiating delays.
We then devise an online algorithm with a provable competitive
ratio for the dynamic profit maximization problem by leveraging
the primal-dual dynamic updating technique. Finally, we evaluate
the performance of the proposed algorithms by simulations. The
simulation results demonstrate that the proposed algorithms are
promising.

Index Terms—Edge computing, differential-accuracy infere-
nces, approximation algorithms, online algorithms, model
resolution instance placements, multi-resolution service models,
primal-dual dynamic updating technique, prediction mechanisms.
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1. INTRODUCTION

RIVEN by accelerating convergence of Al and the Internet
D of Things (IoT), we now witness an unprecedented boom-
ing of Al-empowered IoT applications and intelligent services
that are based on machine learning models such as Deep Neural
Networks (DNNs); particularly, the study of service model based
inference services has gained tremendous attention from both
academia to industrial sectors [ 18], [40]. Since intelligent service
requires large quantities of computing and storage resources for
data-intensive computing tasks, the cloud with abundant com-
puting and storage resources is an ideal platform for intelligent
service provisioning. However, most inference services for [oT
applications are delay-sensitive and need to respond in real time,
such as autonomous driving, VR/AR. The remote cloud cannot
meet the stringent service delay requirements of users. Fortu-
nately, edge computing pushes computing and storage resources
in proximity of users and end devices, which has been envisioned
as a promising computing paradigm for delay-sensitive edge
inference services [41], [43], [45].

Despite the tremendous benefits of edge networks, it is cru-
cial to recognize that edge nodes are typically equipped with
limited resources, which can impair the performance (accu-
racy) of resource hungry inference service. To meet the het-
erogeneous user requirements in the resource constrained edge
networks, the model resolution adaption is exploited to reduce
the resource consumption and service delay on inference ser-
vices [40]. For example, the state-of-the-art object detection
model YOLOVS5 [11] offers five different resolutions with dif-
ferent model sizes: nano, small, medium, large, and xlarge. With
differential resolutions of each inference model, a mobile user
can choose an appropriate model resolution for his requested
model service to meet his stringent service delay and service
accuracy requirements. Also, several off-the-shelf DNN infer-
ence frameworks of choosing different model resolutions have
been developed including TensorRT [25], PyTorch [27], and
Clipper [5]. Furthermore, there are also several studies that
investigated choosing differential accuracy DNN models for
inference services in edge computing [8], [32], [33], [40].

Although inference service provisioning has attracted lots
of interest of network service providers, how to maximize the
provider benefits by properly deploying differential resolution
service model instances in edge networks to admit as many
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requests as possible while meeting their delay and accuracy
requirements has not been well addressed. Most existing studies
on differential accuracy service provisioning are based on a
single edge server or remote clouds [21], [38], [40], not an
edge computing network with multiple edge servers. It must
be mentioned that there are two recent studies that focused
on collaborative DNN model selections in MEC networks to
explore non-trivial trades-off between the inference accuracy
and the service delay (or the overhead) [8], [32], by developing
reinforcement learning based algorithms for their problems.

In this paper, we consider differential accuracy inference
services from a set of DNN models with the aim to maximize the
profit of service providers, where there are multiple resolutions
for each model and each resolution has a different accuracy level
and inference time tailored to meeting different user needs. To
provide delay-sensitive differential accuracy inference services
in an MEC network for mobile users while meeting their strin-
gent delay and accuracy requirements, it poses the following
challenges. First, since the computing capacity on each cloudlet
is limited, how to choose an appropriate resolution of the re-
quested service model and where to place the model resolution
instance to meet the accuracy and delay requirements of users
is challenging. Second, each user usually moves around the
network over time, and the services requested by the user at
different time slots are very likely to be different. How many
resolution instances of each requested service model need to
be placed to meet the delay and accuracy requirements of the
user is another challenge. Third, to fully utilize limited resources
in the MEC network, we assume that each resolution instance
of a service model can serve up to L that type of requests.
How to group the same type of service requests with differ-
ential accuracy requirements into a resolution instance of their
requested model is a challenge. Finally, there is no knowledge
of future request arrivals for a given monitoring period, how
many resolution instances of each service model need to be
placed in advance to reduce instantiating delays of different
model resolution instance deployments, thereby admitting more
service requests, is critical. In this paper, we will address the
aforementioned challenges.

The novelty of this paper lies in the study of delay-sensitive,
differential accuracy inference services in an MEC network,
by jointly choosing different resolutions of inference models,
instance placements of chosen model resolutions, and request
assignments to different resolution instances of their requested
models. Two novel profit maximization problems are formu-
lated under static and dynamic request arrival settings, and
performance-guaranteed randomized and online algorithms are
devised too.

The main contributions of this paper are summarized as fol-
lows. We study delay-sensitive, differential accuracy inference
services in an MEC network. We first formulate two novel profit
maximization problems under static and dynamic settings of user
request arrivals. We then propose an Integer Linear Program
(ILP) solution to the profit maximization problem when the
problem size is small or medium; otherwise, we develop a con-
stant randomized approximation algorithm with high probabil-
ity. We also deal with the dynamic profit maximization problem
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within a finite time horizon, where user requests arrive one by
one without the knowledge of future arrivals, for which we
develop a simple yet efficient prediction mechanism to predict
the number of different resolution instances of each model in
each cloudlet needed and then place them in advance. We then
devise an online algorithm with a provable competitive ratio
for the problem, by adopting the primal-dual dynamic updating
technique. We finally evaluate the performance of the proposed
algorithms. Simulation results demonstrate that the proposed
algorithms are promising.

The rest of the paper is organized as follows. Section II sur-
veys the related work. Section III introduces the system model,
notions and notations, and problem definitions. Section I'V devel-
ops ILP and randomized algorithm for the profit maximization
problem. Section V deals with the dynamic profit maximization
problem. Section VI evaluates the proposed algorithms, and
Section VII concludes the paper.

II. RELATED WORK

Lots of efforts on service provisioning in MEC networks have
been taken in the past decades [15], [17], [23], [35]. For example,
Ma et al. [23] considered SFC-enabled request admissions in an
MEC network with the aim to maximize the total profit, and de-
veloped performance-guaranteed algorithms. Li et al. [17] dealt
with the profit maximization problem of dynamic SFC-enabled
request admissions, and devised a DRL algorithm for the online
service instance placement and request assignment problem. Li
et al. [15] modeled an inference service by a DNN model and
developed an efficient algorithm for task offloading, with the aim
to minimize the end-to-end delay of the model training, where
the DNN is a directed acyclic graph. Xu et al. [35] considered
energy-aware inference-driven DNN offloading by proposing
a task offloading algorithm. However, none of these studies
considered service provisioning of differential accuracy.

With the advance of Al and machine learning, intelligent
service provisioning in MEC networks now becomes a main
research topic [4], [13], [14], [39], [44]. For instance, Li et
al. [14] devised approximation and online algorithms for dy-
namic Digital Twin (DT) placements with the assumption of
object mobility to provide low age of information services on
DT data. Yang et al. [39] studied digital-twin assisted task exe-
cutions. They presented a two-timescale accuracy-aware online
optimization approach to maximize the accuracy of each task
execution while meeting its stringent energy and delay con-
straints. Qiu et al. [28] investigated Al service chain provisioning
with the aim to maximize the throughput of admitted requests
while minimizing the service deployment cost, by jointly con-
sidering reliability, security, and accuracy requirements. Al-
though these works took into account the service accuracy
requirement, none of them considered multi-resolution inference
service provisions. Due to the heterogeneity of mobile devices
and different quality-of-service requirements of users, provid-
ing delay-sensitive, differential accuracy inference services in
MEC networks is very critical. To strive for the finest trade-off
between service accuracy and inference time on each inference
model, there are three different approaches, which are given as
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follows. (1) The model compression approach that compresses
an inference model (e.g., a DNN) in both the number of neurons
and the number of layers to mitigate the computing and memory
resource demands of the model, with compromises on the model
accuracy and running time [7], [38]. (2) The multiple early exit
method that exits from one exit point of multiple exit points
in an inference model to ensure that the inference accuracy
and inference time requirements of users are met [10], [12],
[21]. And (3) the multi-resolution method for each inference
service model that provides a different accuracy and inference
time for each different resolution of the model. For example,
Xie et al. [33] dealt with the selection of an inference model
with multiple resolutions in a single base station attached to an
edge server. They focused on fairness of inference accuracy of
different models and operational costs by developing an approx-
imate solution for the problem, through adopting the cooperative
game-theoretic approach. Zhao et al. [40] developed an online
optimization framework EdgeAdaptor for DNN inference
services in a single edge server or in a remote cloud. They
formulated a cost minimization problem that jointly optimizes
the application configuration adaption, DNN model selection,
and edge resource provisioning.

Different from [33] and [40] that studied inference service
provisioning on a single edge server (cloudlet), there are several
works dealing with inference services in an MEC network with
multiple cloudlets and base stations. For example, Gao et al. [8]
considered deploying DNN models for video analytics at edge
nodes to jointly optimize the recognition accuracy and over-
all delay. They introduced a multi-agent reinforcement learn-
ing based framework to dynamically determine DNN model
selection, video frame configurations, and the optimal edge
node for inference. Xu et al. [32] developed a collaborative
DNN model selection scheme for heterogeneous edge comput-
ing systems, with the aim to increase the inference accuracy
while reducing the overhead of edge systems. The works in [8]
and [32] both made use of the reinforcement learning based
algorithms for the problems, which require significant amounts
of training data and are susceptible to variances during learning
process.

Unlike the aforementioned works, in this paper, we will study
the profit maximization problem of delay-sensitive, differential
accuracy inference services in an MEC network, where each
inference model can have up to K different resolutions with
each having a different accuracy and running time. We aim to
maximize the total profit of the MEC network service provider
through admitting user requests, by jointly considering different
resolution instance placements of each service model, assign-
ments of same type of service requests (up to L requests) to
one of their model instances while meeting their delay and
accuracy requirements. We will devise performance-guaranteed
approximation and online algorithms for the profit maximization
problems under both static and dynamic settings of request
arrivals.

III. PRELIMINARIES

In this section, we first introduce the system model, notions
and notations. We then define the problems precisely.
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Cloudlet

Fig. 1. An illustrative example of an MEC network with two service models
My and M>. M7 has a high resolution model M7 1 and a low resolution model
M3 2, while M> has three different resolution models: a high resolution model
My> 1, amiddle resolution model M3 2, and alow resolution model Mz 3. There
are two users requesting for inference services. User u requests service model
Mo with a high accuracy requirement, and the request is assigned to an instance
of Ms 1 hosted by cloudlet 3. User ug requests service model M7 with a low
accuracy requirement, and its request is assigned to an instance of M1 1 or M1 2
that is located at cloudlet 4.

A. System Model

We consider an MEC network G = (N, E) that consists of a
set IV of Access Points (APs) and a set E of links between APs.
Each AP is co-located with a cloudlet and the communication
delay between the AP and its co-located cloudlet is negligible.
For the sake of convenience, in the rest of this paper, we use an
AP and its co-located cloudlet interchangeably if no confusion
arises. Denote by C'; the computing capacity of cloudlet j € V.
Denote by d. and (. the transmission delay and cost of a unit
data on link e € E, respectively.

There is a set M of inference models deployed in the MEC
network for inference services. Each model in M has K different
resolutions M,,, 1, M, o, ..., M,, i,and eachresolution M, j
has accuracy €, and inference time 7, j, respectively. The
amount of computing resource demanded by an instance of
inference service M, j is S, 5. The accuracies of different
resolutions M,,, j of the model M,,, satisfy €,, 1 > €0 > ... >
€m, K, their inference times meet 7,,1 > Tpp2 > ... > Ty K,
and the amounts of their demanded computing resources are
proportional to their accuracy levels, that is, sy, 1 > Sm,2 >
cee > SmUK-

Given a set U of user requests, each user request ¢ € U is
represented by a tuple (l;, vol;, m;, a;, D;), where AP, is the
location of the user, vol; is the volume of input data of the
user ¢ to upload, a; is the minimum accuracy requirement in
its requested service model M,,, € M, and D; is the service
delay requirement of request ¢ with [; € [1, | N|]. Each resolution
instance of a service model is hosted by a Virtual Machine (VM)
or a container in a cloudlet, each instance can serve up to L same
type of service requests [33], and the value of L typically is a
fixed small integer, e.g., L = 4.

Fig. 1 is an illustrative example of the system model with two
service models My and M5, where M7 has two resolutions and
M5 has three different resolutions.

B. Service Delays of User Requests

To admit a user request, there must exist an instance of its
requested service model to process the request while meeting
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the delay and accuracy requirements of the request, where the
instance can be pre-installed or installed on demand. If an
instance of a service model has already been installed, a user
requesting for the model can be assigned to the instance for
processing immediately; otherwise, an instance of the requested
model needs to be launched, which is implemented through
creating a new container/VM to host the instance. However,
instantiating an instance incurs the instantiating delay, which is
the duration of configuring the container and the service model
environment. When admitting dynamic user requests, the service
provider may remove some existing (idle) model instances to
leave room for instantiations of new model resolution instances.

The end-to-end service delay of a user request includes the
uploading delay of the input data, the data transmission delay
from the user location to the cloudlet hosting its requested ser-
vice model instance, and the processing delay of the request on
its requested service model instance. We assume that the Orthog-
onal Frequency-Division Multiple Access scheme at each AP is
adopted. The bandwidth allocated to each user request under an
AP is equal. Specifically, let B; be the uploading rate of request %
to its gateway AP [; with B; = W, , - log(1 + I;Ij}; ), where
Wi, is the amount of bandwidth of AP [; allocated to user
request ¢, P; is the transmission power of object v;, H; , is the
channel gain between the locations of request ¢ and AP [;, and
o? + I, is the average power of the noise and interference over
the bandwidth [35].

The data uploading delay of user ¢ through AP [; then is
vol;/B;. Assume that request 4 is assigned to a resolution
instance M,,,, ;, of model M,,,, in cloudlet j with accuracy €; j, >
a;. Denote by path;, ; ashortest path in G between user location
AP, and cloudlet j. The transmission delay per unit data along
a routing path pathy, ; is d(pathy, ;) = Zee;)ath,i,j de. The
end-to-end service delay d; ; ,  of request i requesting for
aresolution instance M,,, ; of model M,,,, in cloudlet j is

d; j.mqk = voli/B; + vol; - d(pathy; j) + Tm, .k (1

To meet the delay requirement of request 4, d; j m, r < D;ifit
is processed by an existing instance; otherwise (if it is assigned
to a newly instantiating instance), d; jm, k + iNitm, r < D,
where init,,, , is the instantiating delay of model resolution
M, k.

C. Profit of Request Admissions

The network service provider typically charges users by ad-
mitting their requests in a pay-as-you-go revenue collection
scheme [23]. The payment of admitting request ¢ is closely
related to (i) its service accuracy and end-to-end service delay
requirements, and (ii) the total cost of various resources con-
sumed for the admission of request i.

The monetary payment of a request admission: A request
cannot be admitted if its accuracy or delay requirement is vio-
lated. We define the payment of request ¢ as a stair-step function
(-, -, -), which is defined as follows.

pay; = (m;, a;, D;) 2
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where m; is the index of its requested service model M,,,, a;
is its accuracy requirement, D; is its service delay requirement.
In general, given two requests requesting for the same service
model, the request with a higher accuracy and lower delay
requirements will pay more than that of another request with
a lower accuracy and higher delay requirements. The service
provider can adjust the payment function by the market needs.
For example, similar to that the accuracy of a service model
can be divided into differential accuracy levels, the end-to-end
delay of a request can also be divided into () different delay
levels q1,q2,...,qq with g¢; < g; if © < j. The payment pay;
of user ¢ requesting for model M,,,, with the actual accuracy
no less than a; € (€, p, €m, p—1] With a minimum p on its
model resolution M,,,, ; and the actual end-to-end service delay
d; ., no greater than D; with D; € (g,, gr41] (where 7 is the
minimum value) is determined by function ¢(m;, a;, D;). The
cost of processing a user request: There are costs of various
resources consumed for inference service provisioning. Denote
by ©;.m, « the inference cost of processing request ¢ on a model
resolution instance M, j located at cloudlet j. Then, the total
cost of admitting request ¢ by an instance of model resolution
My, 1. in cloudlet j is

vol;

tovoli- > Gt Pimoks ()

e€pathy, ;

co8t; jm; k = & :

7

where the first term in the RHS of (3) is the cost of uploading

the input data of request ¢, the second term is the transfer cost of

transmitting the input data from the user location to the cloudlet

hosting the model instance, and the third term is the processing

cost of admitting request ¢ against on the model instance. & is
the data uploading cost per unit time.

The profit of admitting a request: The profit of admitting
request ¢ is the difference of its user payment to the total cost of
various resources consumed of its admission if it is processed on
aresolution instance M,,, ;. of model M,,,, in cloudlet j, which
is defined as follows.

profiti jm, k = PaYi — COSt; jm, k- 4)

For the sake of convenience, the symbols used in this paper
are summarized in Table 1.

D. Problem Definition

Definition 1: Given an MEC network G = (N, E) with com-
puting capacity C'; for each cloudlet j € IV, a set M of service
models with K different resolutions of each model, a set U of
user service requests with each request © € U represented by a
tuple (I;, vol;, m;, a;, D;), the profit maximization problem is to
admit as many user service requests in U as possible such that
the total profit obtained by admitting user service requests in U
is maximized, subject to computing capacity on each cloudlet.

Definition 2: Given an MEC network G = (N, F) with com-
puting capacity C; for each cloudlet j € N, a set M of service
models with K different resolutions of each model, a given
finite time horizon T, assume that user service requests arrive
one by one without the knowledge of future arrivals within
time horizon T, and each arrived request ¢, represented by a
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TABLE I
TABLE OF NOTATIONS

Notation Descriptions
G =(N,E) An MEC network with a set NV of APs (cloudlets) and a set £ of links
C; The computing capacity on cloudlet j
de, Ce The transmission delay and cost of a unit data on linke € F
M A set of inference service models
K The number of different resolutions of each model M,, € M
Mo ke The kth resolution of model M,,.

€m ks Tm,ks Pjm.k

The accuracy, inference time, and inference cost of resolution M,,,

Sm ks initm,k

The amounts of computing resource and time of instantiating an instance of resolution M,,,

U,U" the sets of all user requests and user requests at time slot ¢
L The number of service requests that can be served at the same time by an instance of inference model
B; The uploading rate of user request s to its gateway AP
l; The index of gateway AP of user request i, i.e., 7 is connected to AP},
vol; The volume of data of user request 1 € U
M, The service model requested by user request 4
D;, a; The service delay requirement and minimum accuracy requirement on the requested service model of user request ¢
pay; The payment of user request i

COSti,j,m,k

The cost of request ¢ processed by an instance of model resolution M, ;. at cloudlet j

The profit of admitting request 4 that is processed by an instance of model resolution M,, ; at cloudlet j

profiti jm.k
T

A finite time horizon

T j,m.k A binary variable indicating whether request i is assigned to model M,,, ; at cloudlet j or not
Zijomk, OPT The real variable and optimal solution of the LP relaxation.
r The parameter used for analyzing the performance of the randomized algorithm
0 An integer threshold that determines whether an instance of a model resolution can be removed
ngtzn & The number of instances of existing model resolution M,, j, in cloudlet j at time slot ¢t € T

T T
Tigmk Yijmk

A binary variable indicating whether request i is assigned to a newly installed or an existing model resolution
instance M,, x, in cloudlet j or not at time slot ¢

N*@), £7()

the sets of pairs of (j, k) that can fulfill the delay and accuracy requirements of request ¢ by a newly instantiated

instance and an existing instance of model resolution M,  in cloudlet j

Dual variables of constraints (21), (24), and (27)

]7577’77r773m k

tuple (l;, vol;, m;, a;, D;), must be admitted or rejected imme-
diately, the dynamic profit maximization problem is to admit
as many user requests as possible while meeting their service
accuracy and delay requirements, such that the accumulative
profit obtained by the admitted requests within time horizon T
is maximized, subject to computing capacity on each cloudlet.
It can be seen that the two defined problems are NP-hard by
reducing from the well-known NP-complete Knapsack problem.

IV. ALGORITHMS FOR THE PROFIT MAXIMIZATION PROBLEM

In this section, we investigate the profit maximization prob-
lem. We formulate an ILP solution to the problem when the
problem size is small or medium, otherwise we develop a con-
stant randomized approximation algorithm with high probability
for it.

A. ILP Formulation

Letx; ; m i be abinary variable that indicates whether request
1 is assigned to model M, ;. at cloudlet j (x; j m r = 1) or not
(4,5,m,x = 0). The problem objective is to maximize the total
profit of admitted requests, and an ILP solution for it is given as
follows.

Maximize E E E Do fiti jom, k- Tijmak

i€U jeN ke[K]

®)

S.t.

3 Z Luicy ik x““"’“ Smp) <CLVIEN,  (6)
meM ke[K
di jomak - Tijoms k < Dy, Vi€ UNj e NVEke[K], (7)
Tigmak - G < €m, K, Vi € U,Vj € N,Vk € [K] 8)
S wigmer =i, Vi€, 9)
JEN ke[K]
g €{0,1}, Vi e U (10)
Zijmk =0, if m#m;, Vie UVje NVke[K] (11)
Zijmk € 40,1}, Vie U, Vj e N,Vk € [K] (12)

where ¢; is an auxiliary binary variable, which ensures that
request ¢ is assigned to at most one instance of model M,,,.
Constraint (6) ensures that the accumulative amount of com-
puting resource demanded by all different model resolution
instances in cloudlet j is no greater than its computing capacity.
Constraint (7) ensures that the end-to-end delay of a user re-
quest is no greater than its delay requirement. The constraint—>
Constraint (8) ensures that the accuracy of a chosen model
resolution instance to process the request ¢ is no less than the
accuracy requirement a; of request ¢. Constraint (9) ensures
that each request ¢ is served by one resolution instance of its
requested model. The problem is still NP-complete when L = 1,
and becomes a classic knapsack problem. It can be seen that
Constraint (7) and (8) are used to determine whether the kth
resolution of model M,,,, in cloudlet j can satisfy the delay and
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accuracy requirements of request 4, respectively. Denote by & (4)
the set of pairs of cloudlet j and resolution index & of model M,,,,
that can fulfill the delay and accuracy requirements of request ¢,
by an instance of model resolution M,,, ; in cloudlet j, i.e.,

E(i) ={(4,k) | vol;/ B; + vol; - d(pathy, ;)

+ Tk < Diy €my ke > ai}, (13)

where €,,, . > a; in (13) indicates that there is at least one
resolution instance of model M,,, j in cloudlet j for request i.
The ILP formula (5) then can be equivalently written as follows.

Maximize E g Profits joms k * Tijoms.k
i€U (j,k)e&(i)

st (6), (9), (10, (11), (12), (13) (14)

B. Randomized Algorithm

The ILP solution is deliverable when the problem size is small
and medium; otherwise, finding the solution is prohibitively
large. In the following we develop a scalable, randomized al-
gorithm for the profit maximization problem.

Let {Gi, Zi j.m, k} be an optimal solution of the Linear Pro-

gramming (LP) relaxation of the ILP in (14) and OPT the
value of the optimal solution of the LP. We make use of the LP
solution to derive an integer solution for the ILP by randomized
rounding [22].

Specifically, Let g in Algorithm 1 be a random number
drawn uniformly in interval [0, 1]. Let {G;, £; j,m, « } be a solu-
tion of the ILP with high probability, where each random variable
G; is set to 1 with probability ¢;. If variable §; is set to 1, then
random variable &; j , i is set to 1 with probability =L
for each pair of j € N and k € [K], and this setting is taken by
Constraint (9) in an exclusive manner. That is, given each ¢ € U,
exactly only one random variable &; ; 1 is set to 1 and the rest
are set to Os for each pair of j and k with Vj € N and Vk € [K].
The detailed algorithm for the profit maximization problem is
given in Algorithm 1.

C. Algorithm Analysis

In the following, we analyze the approximation ratio and
resource capacity violations of the solution delivered by A1-
gorithm 1.

Lemma 1: Let{q;, % j.m, » } be an exact solution of the LP of
alli € U.Forany‘ € U, if variable g; is set to 1 with probability

Tig,mg.k

Gi» then Z; jm, 1 is set to 1 with probability —=
by Algorithm | foreach j € N and k € [K].

Proof: Following Algorithm 1, if ¢; = 1, then request
1 € U is admitted, and the probability of ¢; =1 is ¢ =
2 jeN 2ke[K] Tijymi k- Step 12 of Algorithm 1 ensures that
an admitted request is assigned to an instance of its requested
model in a cloudlet. That is, there must exist a pair j and & such
that condition Z;,:l ZZ,:l Zi j'.m,. k> hin Step 12 holds, as
the range of random variable % is in [0, ;], and random variable
Zi,j,m.,k of each valid pair of j and k (i.e., Z; jm, r 7 0) is

exclusively
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Algorithm 1: A Randomized Algorithm for the Profit Max-
imization Problem.

Input:An MEC network G = (N, E) and a set U of
requests, and a set M of inference models with each
having K different resolutions.
Output:a scheduling of model resolution instance
placements in cloudlets to maximize the total profit of
admitted requests in U.

1: Calculate set £(4) for each request i € U;

2:  Solve the linear relaxation LP of the ILP (14);

3: Let{qi,.’f]i%mi}k|i€U,jEN,kJ€ [K],miEM}

be the optimal LP solution;

4: S + () /* the solution S */;

5: foreachi € U do

6: g < arandomly generated number € [0, 1];

7 if ¢; > g then

8 q; < 1 /* request ¢ is admitted */;

9: h < arandomly generated number € [0, ¢;;
10: for all j € N do
11: for all k € [K] do
12: if 37 Y —y @i rm, s > h then
13: T4 j,mq,k < 1 /% request 7 is assigned to an

instance of its requested model M,,,, j in
cloudlet j exclusively */;

14: 1 < 1+ 1; Jump to the for loop at line 5;
15: end if

16: end for

17: end for

18: else

19: (jz +— 0; jji.,j,mi.,k 0

20: end if ;

21: S(—SU{<i,in,§?i,j7mi,k>}

22: end for

23: return S.

independent of each other. The probability that &; j,,n, r = 1
then is Zhdmik O
Let I" be a positive value, which is defined as follows.

I' =max{fmax{profit; jm x |[i€ U, j€ N,m e M, ke [K]},
max{s,, | meM, ke [K]}}. (15)

Theorem 1: Given an MEC network G' = (N, E), aset U of
user requests, and a set M of inference service models with
each having K different resolutions, a resolution instance of
each model has a different accuracy and inference time that
can admit up to L same types of service requests. There is
a randomized algorithm, Algorithm 1, with approximation
ratio 1 — « for the profit maximization problem with high prob-
ability of 1 — ﬁ at the expense of the amount of computing
resource consumed by any cloudlet no more than 2 + x times

its capacity with probability of 1 — ﬁ The time complex-
ity of Algorithm 1is O((|U| - [N| - M| - K)**5 - log(|U] -

IN|- | M| - K)), provided that min{C; | j € N} > SN



ZHANG et al.: PROFIT MAXIMIZATION OF DELAY-SENSITIVE, DIFFERENTIAL ACCURACY INFERENCE SERVICES IN MOBILE EDGE COMPUTING

where I' is a constant given by (15), o = \/W <1, and
Zmem Dke(r) Smk | S N}.

J

Proof: Let OPT and OPT be the optimal solutions of the
ILP formulation (14) and its LP, respectively. We have O/ﬁ“ >
OPT, since this is the maximization problem. Following A1 -
gorithm 1, the probabilities of variables Z; ; , 1 and §; being
set to 1s are &; j ,,,  and §; respectively, as Pr[&; j ,, 1 = 1] =
Pr[i'i,j,m,k =1 | qu = 1]Pr[@4 = 1] wz](]i:nk (jz = ng m,k
and Pr[g; = 1] = ¢;.

We first analyze the approximation ratio of the randomized
algorithm. Let z; j, y = Z%ime 3, .\ be a random
variable deriving from random variable ; ; ., . We observe
profiti j m,k

T

n:max{

that 2; j 1 1S with probability Z; ; , 1; otherwise,
Zijmk 18 0. Thus, 0 < z; ;. < 1, because w .
profit; J,m,k < 1 The

2Jmuk < max{profit; jm. i | 1€U, jJeN, meM, ke[K]}

tij,m
expected value of 2;jmp 1S ]E[zld’m,k}:pmﬁf’“”“

T4 j,m,k- We thus have

ED.D D Dzl

icU jeN meM ke[K]|

_ZZ Z Z profzt]mk x”mk:O?T (16)

icU jeN meM ke[K]

Z

Let o be a constant with 1/2 < « < 1. By Chernoff
Bounds [22], we have

Pr[z Z Z Z profit; jmi - Tijme < (1 —a)- OPT]

1€U jeN meM ke[K]

<Przzz Z prontZJMk xz,gmk< (1_0) OPT]

€U je NmeMke[K]

OPT
= Pr[zzi <(1—-a)- T]’
eU
let Z; = Z Z Z profiti jme/T - Tijmk
JEN meM ke[K]

2. OPT

< eaxp( @ 5T ), by the Chernoff Boundst[22]. (17)
With 0 < a < 1, the value of « can be set by assuming that

emp(i_azé?m“) ‘U‘ and o = 7221/133‘%”.

Based on (17), we have

ZZ Z Zprof”z]mk xzjmk

icU jeN meM ke[K]

Pr

<(1-a)-OPT (18)

=]

Thus, the total profit is at least (1 — «)- OPT with high
probability 1 — ‘%‘ Due to that 0 < a < 1, it requires that

\/2T'In |U|/OPT < 1,ie., OPT — 2T In|U| > 0.
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We then calculate the computing capacity violations
on each cloudlet j € N as follows. Let p;;m% be a
random variable derived from random variable Z; ;. .
e, Pijmr = 5 and its expectation is
E[pijomk] = 5% @i jmp With 0 < p;jme <1, because

Sm,k A Sm,k
T Tigmk < ey [VieU ReR] = 1t For each

cloudlet j € N, we have E[}_, 1y > ",ncm 2oke (k] i k] =

DieU omem Dpek] T = Lij’ where C; is the
amount of computing resource consumed on cloudlet j by the
LP and C; < (. Let B be constant with 0 < 3 < 1. Recall
that the computing resource consumption on any cloudlet j
is D iy D omem Zke[K] Sm.k * Tijm,k by Algorithm I.
Then, the probability of computing capacity violation of
cloudlet j € N is

\/ZZ Zsmk xljmk>(1+ﬂ) L- C

JEN icU meM ke[ K]

< Pr| \/ZZ Zsmk Zijme > (1+8)-L- C]

JEN icU meM ke[K

: xi,j,m,k’

<ZPI‘ZZ sz,jmk> +5).L'I‘Cj]’

JEN icU meM ke[K

by pi jm.k :&"T’k-:?;i}j,m,k and the Union Bound Inequality
o ) SRR AL
> j = T )

JEN iceU

let Qz,] Z Z pz,jmlc
meM ke|K]

<|N|-exp (?26)]> , by the Chernoff Bounds [22].

19)

Let exp( T )C;‘ ) < |1\}\2' Since 0 < 8 <1, we have
1

B2LC ()F]n‘N‘ ()Fln|N\
exp(T]) < ‘2,16 5 > L-éj Z L.Cj due to
C; <Cj.As < 1, we have C'; > %IN\’ ie, min{C; |j €
N} > SN By (19), we have

Pr(\/ > Qi;> (1+8):

JeENieU

LC] Lo
NP TN

Note that the number of instances of model resolutlon
M, 1, in cloudlets is at least [E*U Fhdmuk] (Z‘G” Thgmek 4 1),
which ensures that the number of instances is an integer.
Due to 1+ 8 < 2, the computing resource consumption on
any cloudlet 5 € N for all resolution instances is no more
than 2 4 k times its capacity with high probability of 1 —
7 provided that min{C} | Vj € N} > 6I'In|N|/L and x =

max{w |j€N}.

We finally arjlalyze the time complexity of Algorithm 1.
The calculation of £(4) for all requests takes O(|U| - |[N| - K)
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time. The time complexity of an algorithm for the linear re-
laxation LP is detailed below. According to [3], an LP with
n variables can be solved in time O(n%"s log(%)), where &
is the relative accuracy. The LP here contains |U| - |[N| - |M] -
K + |U| variables. By setting § = 1 [19], an exact solution for
the LP can be found in O((|U| - [N| - IM| - K)**5 - log(|U] -
|N|-|M]| - K)) time, and the rounding on the LP solution can
be done in O(|U| - |[N|? - K?) time. The time complexity of
Algorithm 1 thus is O((|U] - |N|-|M|- K)?ts -log(|U]| -
INT- M- K)).

The theorem then follows. O

V. ONLINE ALGORITHM FOR THE DYNAMIC PROFIT
MAXIMIZATION PROBLEM

In this section, we deal with the dynamic profit maximization
problem. We first formulate an ILP solution to the offline version
problem at each time slot ¢ with ¢ € T, based on the predicted
number of different resolution instances of each model. We then
devise an online algorithm with a provable competitive ratio for
the problem.

A. Prediction on the Number of Different Model Resolution
Instances

We deal with the development of effective prediction mech-
anisms. There are several prediction methods. One is the DRL
method, we can adopt the LSTM method to train a CNN model
by analyzing historical traces, or the auto-regression method.
However, both the algorithms may take a while to deliver a
solution, which may not be feasible if the duration of each time
slot is not long enough. We adopt a simple yet fast prediction
method that keeps the usage record of the number of resolution
instances of each model deployed in each cloudlet. That s, given
an integral threshold 6 > 1, for each resolution instance of an
existing model in a cloudlet, there is a counter to count the
number of usages of the instance. For each instance, if it is
not used at the current time slot, its counter is increased by 1;
otherwise, its counter is reduced to 0. If an instance of a model
resolution in a cloudlet has not been used for # > 1 consecutive
time slots, the instance will be removed and its occupied resource
will be released back to the system in the end of the current time
slot. For the sake of convenience, let n)  , be the number of
instances of existing resolution M, ;. of model M,,, in cloudlet
j attime slot t € T, which is the number of instances of M, j.
in cloudlet j with their counters being less than 6. It can be seen
that the accumulative amount of computing resource demanded
by these pre-deployed instances in each cloudlet is no larger than
the computing capacity on the cloudlet.

B. ILP for the Offline Version of the Problem

Given each time slot ¢, we formulate an ILP solution for the
offline version of the dynamic profit maximization problem,
where U is the set of requests at time slot ¢. Let af ;
be a binary variable that indicates whether request i € U? is
assigned to a newly installed instance of model resolution
M., i in cloudlet j at time slot ¢ or not, and let yf’ jomi kD€
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a binary variable that indicates whether request ¢ is assigned to
an existing instance of model resolution M,,, ;. in cloudlet j
or not. Each resolution instance M, i consumes the amount
Sm, .k of computing resource. Recall that n .m,.J 18 the number
of existing resolution instances of M,,, 1n cloudlet J at time
slot t. Then, the objective of the problem is to maximize the
total profit obtained by admitting requests in U*. The residual
computing capacity Cjt- in the cloudlet j in the time slot ¢ is then
Cgt‘ =0 - an\le Zszl n§7m,k “Smk-

The ILP solution LP1 for the admissions of requests in U? at
time slot ¢ is presented as follows.

LP1: Max1mlzezzz Z profitijamk (€5 jm i

ieUtje NmeMke[ K]

+ yf,j,m,k) (20)
S.t.
S > sk SL-CLYEN, @D
meM ke[K] icU?t
IN| K
ZZ i omak N, k) - t,j mik < Di, Vi€ Ut,
j=1k=1

(22)

IN| K
SN ik Y < DisVi € U, (23)
j=1k=1

> Yljmr S Lonb,, Vi€ N,Vm e M,VE € [K] (24)

eUt

T imp @i < €mp,Vie Ul je Nyme Mk e[K] (25)

Yl im0 < emp, Vi€ Ut j € Nyme Mk € (K] (26)
K

DD D @+ Y jmn) S L Vi€ T, @7

JjeN meM k=1

xﬁ,j,m,k =0, and yvﬁj,m,k =0ifm 7é mi,

Vi e U',Vj € N,k € [K] (28)

zfimnr €{0,1}1,Vie U, Vj € Nyme M,k € [K] (29

Yi jmi €{0,1},Vie U, Vj e Nyme M,k € [K], (30)

where Constraint (21) ensures that the accumulated computing
resource demanded by all newly installed model resolution
instances at cloudlet j is no greater than its available capacity
C’Jt-. Constraints (22) and (23) ensure that the end-to-end delay
of a user request is no greater than its delay requirement.
Constraint (24) ensures that each existing model resolution
instance can serve no more than L same type of service requests.
Constraint (25) and (26) ensure that the accuracy of a chosen
resolution instance for the processing of request ¢ is no less
than its accuracy requirement a;. Constraint (27) ensures that
each request 7 is served by at most one its requested resolution
instance. Notice that the set U? of requests at each time slot ¢ is
not known prior to time slot ¢.
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C. Online Algorithm

In the following, we devise an online algorithm for the dy-
namic profit maximization problem with a provable competitive
ratio, by adopting the primal-dual dynamic updating method [2],
[9]. Since there is no knowledge of future request arrivals, we
adopt an admission control policy to regulate request admissions
to maximize the accumulative profit of admitted requests at each
time slot ¢. For a given request i € U, if it is processed by
an instance in cloudlet j, the profit brought by its admission
is calculated by distinguishing into two cases: (i) there is an
existing resolution instance in cloudlet j that meets its accuracy
requirement; and (ii) instantiating a new resolution instance of
its requested model in cloudlet 7 meets its accuracy requirement,
and such an instantiating delay is taken into account too.

The basic idea of the proposed algorithm is to adopt the
primal-dual dynamic updating technique [2]. Let U = U'El Ut
be the sequence of requests that arrive in the system one by
one. Specifically, LP1 can be equivalently rewritten as LP2 by
removing Constraints (22), (23), (25), and (26). Let LP3 be
a linear relaxation of LP2 and DP3 be the dual of LP3. The
dynamic updating of the dual variables in DP3 will deliver a
feasible solution to LP2, which in turn will return a feasible
solution to LP1.

Denote by N*(i) and £'(4) the sets of pairs of cloudlet j
and resolution index k of a model that can fulfill the delay
requirement D; and accuracy requirement a; of request ¢ by
either a newly instantiated instance or an existing resolution
instance M,,, ;, of model M,,,, in cloudlet j, respectively, i.e.,

N (i) ={(j, k) | vol;/ B; + vol; - d(pathy, ;) + Tm. k
+ initm, k) < D; and €y, > a;}, (31)
E'(i) = {(j, k) | vol;/ B; + vol; - d(pathy, ;) + Tm,.x < Di,
(32)

t
Mjoms,

k > 1 and €m; .k > ai}.
LP1 then can be rewritten as the following one.

[U?|

LP2: Maximize Z( Z

=1 (§,k)eNT (i)

+ Z profiti,j,mi,k;'yf,j,mi,k)7
(4:k)e€? (4)

1), (24), (27), (29),

Recall that LP3 is the linear relaxation of LP2, and DP3 is
the dual of LP3. Then, DP3 is given as follows.

. t
Profitijm, k * 5 jm, k

subject to (2 and (30). (33)

IN| ||

DP3 : Minimize Y (L-C!)-al+Y ~f
i=1 i=1
N M| K

(34)

+ Z Z ZL ’ n;,m,k ! B;,m,ka

j=1m=1k=1

subject to
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0 S 32 profit Vi b

(35)
VA B mi ke = Drofitijm, ki g,k (36)
of >0,6%,, 1> 0,9 >0, (37)

where Oc;, 5§,mi7k, and ’y; are dual variables of con-
straints (21), (24), and (27), respectively.
Combining (35) and (36), we have

— 05 Sk
= Biamok | V3 kY, Vi
Define constants @1, 02, Nmax> Rmax, aand b as follows. ¢ =
max{% |ieUt, jeN, mie M, ke[K]|, te
T}, ¢p = min{ ZLMuimt | et jEN, meM, ke
[K], teT}, Nmax:max{# |7€N, meM, ke
) jm,k
[K], teT}, Rmax = max{‘sgg’“ | 7€ N, meM, ke
J
(K], t €T} a=(1+ Ruax) T, andb = (1 + Ny ) ¥oex .
The admission control policy of the proposed online algo-
rithm is given as follows. Given each arrived request i € U?, if
v% > 0, then request 7 is admitted, otherwise rejected. Once i
is admitted, the corresponding pair (j*, k*) € N't(i) U (i) for
the calculation of 'yf is determined, where

v = max{profitijm;x

profit; jm, .k (38)

(j*v k*) :argn;ax{{profiti,j,mi,k —Sm;k 'O‘;’ | (j’ k) eN? (2)}7
75

{profitijum, k= Bjm, i | (5,5) € E()} }. (39)

This implies that an instance of model resolution M, ;- in
cloudlet 5* will be allocated to request 7, all dual variables in
constraints of DP3 will be updated accordingly, and detailed
updating rules are presented below.

v+ max{ {profiti g,k — smik -y | (G,k) € N0},
{p7'0fiti,j,7n7-,,k - ;'.,m,y,k | (]a k) € gt(z)} }v

(40)
b, ot - (1+ Smi,k*) + oL Smad (4D
J J C’jt a—1 Cjt ’
L e < B k*(1+;)
7 my, Jmi, L- ntx K
J M,
profity jo m ke 42)

L-(b—1nk

The detailed online algorithm for the dynamic profit maxi-
mization problem is presented in Algorithm 2.

D. Algorithm Analysis

We first show the feasibility of the solution delivered by the
dual linear program, DP3, in the following lemma.

Lemma 2: Following updating rules (40), (41), and (42), the
dual feasibility of the dual variables is preserved.

Proof: Upon the arrival of request ¢, all dual variables will be

updated when request 7 is admitted. As dual variables ~;, o},
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Algorithm 2: Online Algorithm for the Dynamic Profit
Maximization Problem for Requests in U! at Time Slot
tcT.

Input:A set M of service models with each model having
K different resolutions, requests U°, the available
computing resource capacity C’t on cloudlet 5 at time slot
t, and the number n m.k Of ex1st1ng instances for model
resolution M, i in cloudlet 7 at time slot ¢.

Output:Find a solution to maximize the accumulative
profit of requests admitted for time horizon T, subject to
the residual computing capacity on each cloudlet.

1: Initialize

x;j7mi,kv y;j’mi)kﬁ CV;, 6;}77”7]@7 ’th < 07 Vivja k

2: A(t) < 0 /* the total profit at time slot ¢ */;
3:  while an arrived request i € U* do
4: for each cloudlet 5 € N do
S: for k < 1to K do
6: if pair (4, k) meets the requirements of N (i)
and E'(i) then
7: Add (4, k) to N (i) and E*(i);
8: end if ;
9: end for ;
10: end for ;
1 ) = max{ {profit; jm, r — Sm, k- | (J, k) €
N {profitsgum i ~ B | G:F) € €0},
by Rule (40);
12:  ify} > 0 then
13: Admit request ¢ by assigning it to an instance of
model resolution M,,, ;- in cloudlet j*;
14: A(t) < A(t) + profiti j- m, ks
15: if (j*,k*) € N''(i) then
16: TE e, v — 1
17: af < af - (14 Z35) + 25 - 23, by
Rule (41) ’
18: else
19: Yi gk < 1
20: ﬂj*7mivk* «—
B mabe - (L T ) L™ by
Rule (42); o
21: end if
22: end if
23:  end while ;
24: return A(t)

and 6§7m“ ;; are initialized as Os when ¢ = 0, the updated value
of variable v/ must be no less than 0 by the updating rule (40),
and the updated values of variables o and 8, increase
by updating rules (41) and (42). Thus, for all dual variables,
the updating rules always keep them non-negative, and the
dual constraint (37) is met. By updating rule (40), the dual
constraints (35) and (36) are met, too. The fractional solution of
the dual linear program DP3 of LP3 thus is a feasible solution

to DP3. O
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We then analyze the net gain relationship of the objective
function values between LP3 and DP3 after the admission of
request i € U' by the following lemma.

Lemma 3: Let AP(t) and AD(t) be the value gains of
the primary linear program LP3 and its dual DP3 by online
algorithm Algorithm 2 to respond to request i € U at time
slot ¢, respectively. Then, AD(t) < AP(t) - Hyax, where

L &
1¢+

Proof: When request i € U' is admitted by a resolution
instance of its requested model M,,, in cloudlet 5%, the dual
variables for cloudlet j* are updated by distinguishing into two
cases.

Case 1: If request i is admitted by an existing resolu-
tion instance M,,, j+ in cloudlet j*, i.e., (j*, k*) € £'(4), then
the values of dual variables ~} and 6’5.* g ke are updated by

1
Hpox = max{ —— +1 1}. (43)

b—-1

rules (40) and (42), respectively, and A%, ik = L;L# +
ik g my k*
profiti i m, x
(- l)njj - - Then,
AD(t) = L . n§*’mi7k* . AB;*,mi,k* + '}/f
—I. Tl ( ; mg,k* profiti,j*,mi,k*
’L7k* ’
m L- n] my,k* L- (b - 1) TGt my ke
+ (profiti g mi e = Bjr m, )
. 1
= profit; j« m, k- (b—il +1).
AD(t) _

As AP(t) = profit; j m, k> we have Zpgy = 57 + 1.

Case 2: If request 7 is admitted by a new resolution instance of
M, i+ in cloudlet j*, i.e., (5%, k*) € N''(i), then the dual vari-
ables 7! and 043 are updated by rules (40) and (41), respectively.
The gain value of the dual is

AD(t) = Aal. - Ct. 44
t Sm;,k* d)l Smy; k* +
= A . . C*
N /A G AR
+profity m; k- — Smi k- Oéz-*
b1 .
= Sk ti e me ke
T Smok + profiti jem, .k
Since AP(t) = profit; j+.m, i, We have
AD(t) _ ¢1 ) Smy, k* +1
AP(t)  a—1 profit; j m, i
1
<o Ly
a—1 Q52
By Case 1 and 2 and the definition of H,.y in (43), AD(t) <
AP(t) - Hpmax, and the lemma follows. O

Finally, we analyze the usage of residual computing resources
and the number nj m. . Of existing resolution instances of model
M, i, in cloudlet j after admitting request ¢ at time slot ¢ by the
following three lemmas.
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Lemma 4: After the arrival of request ¢, the dual variable
‘ . . . .
a; .correspondmg to the computing capacity on cloudlet j € N
satisfies

K t
Zieut Zk:l Tigomgk Sk
ct
. (a J — 1)

Proof: 'We show the lemma by induction. As all dual variables
are set to 0 s initially, (44) holds.

We assume that (44) holds for all requests in U with indices
no greater than 7. We now admit request i’ € U* by a resolution
instance M, x» of model M, , in cloudlet j with i < 7. Let
of;(start) and o (end) be the values of o; before and after the
admission of request i’. Then,

¢1

>
“a-—1

af (44)

Smi/,k’ ¢1 S’I’I’Liuk’
ozj(end) =q; t(start) - (1 + ot )+ 1 ci
& Zi<i/ZkK=1 ﬂ;:,j,'mi,k'sm'i«k s .
1 ct m, k'
J
¢1 S k'
+ a—1 ij: “5)
K
¢1 s » Zi<i’ Ek:lzzmmi,k'smbk
_ 1 mgr, . Cf o 1
T J )
(46)
K
& Zieut Zk:l jﬁ,j,mi,k'smivk
>——(a g -1 @7)
By the induction assumption, (45) holds. Now, since

x) is a decreasing function with x > 0 and Ryax >
, the inequality from (46) to (47) holds by the following
arguments.

Llog(1+

5771 il k

loga = log(l + Rmax)
t k’
< log(1 —|— ). (48)
Sm, i K ]
S'm,i/,k’
Ineq. (48) can be rewritten as a <7 < 1+ mc',k The
lemma then follows. |

Lemma 5: After the arrival of request i € U, the dual vari-
able ﬂt .., corresponding to the number n] . Of existing
instances of model resolution My, & in cloudlet - 7 satisfies

t
) yt .
ZzeUt i3, M4,k

Profit; jm; k s
o 2 o0 T =) 49)
Proof: The proof is similar to Lemma 4, omitted. O

Lemma 6: In the solution of Algorithm 2, for any cloudlet
j7 € N, the violation on the residual computing capacity C’;
is bounded by >, vq D ke(r) Smok T max{sp | 1 <m <
M,1 <k < K}, and the violation on the number of different
resolution instances of each model is at most one of that type
instance, respectively.
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Proof: We first analyze the usage of C’jt». By Lemma 4,
if the computing capacity constraint (21) is violated, i.e.,

t t t
ZiEUt Zme./\/l Zke[K] wi,j,mi,k “Smyk > Cj, then a; > (bl'
As aresult,

. + .
profiti jm, k — QG - Sm;k < Profitijm, k = Sm,k - $1

profitijm.k _
- Smi,k e — 07
Smmk

< profiti jm, k

By the updating rules (40) and (41), all the parameters
related to the computing capacity of cloudlet j will not be
updated anymore, and for all later arriving requests ' request-
ing a resolution instance of model M,, , in cloudlet j, we
have wj j m, r = 0. Constraint (21) thus can be violated by
at most once. Since the number of instances of model res-
olution M, ; is at least [2=:<C Shdmuk ] (Zuisu Thdmik 4 1),
the computing capacity violation on any cloudlet j is upper
bounded by > -, s > je(s) Sm,k Plus the maximum amount of
computing resource consumed by deploying a model instance,
i€, em Zke[m Sk Fmax{s, k|1 <m<M1<k<
K}.

The violation on the number of different resolution instances
of each model can be analyzed similar to the capacity violation,
omitted. ]

Theorem 2: Given an MEC network G = (N, E), there is
an online algorithm, Algorithm 2, with a competitive ratio

expense of bounded violations on the number of pre- 1nstalled
resolution instances of each model and on the capacity of each
cloudlet. The running time of Algorithm 2 takes O(|N| - K)
time for the admission per request at each time slot ¢t € T, where
Hax 1s defined in (43).

Proof: Let OPTy, OPT5 and O PT3 be the optimal solutions
for LP1, LP2, and LP3, respectively. Since LP3 is the LP
relaxation of the maximization problem LP2, OPT5 > OPT5.
Denote by P and D the feasible solutions of LP3 and DP3
delivered by Algorithm 2, respectively. By Lemma 3, we
have that D < P - Hp,ax, and by the weak duality property, we
have that D > OPT53. Then

ps D o OPT; . OPT, _
Hmax Hmax Hmax

OPT,
Hmax '

It can be seen that the resource violations in the solution by
Algorithm 2 is shown in Lemma 6. The time complexity of
Algorithm 2 is analyzed as follows. For each arrived request
i € U at time slot ¢, finding A'*(i) and £'(7) takes O(|N| - K)
time by examining all potential pairs of (j, k). If request ¢ is
admitted, the updatings of dual variables 7f, af, and 3},
take O(1) time. Algorithm 2 thus takes O(\N| K) tlme per
request at each time slot¢ € T. ]

VI. PERFORMANCE EVALUATION

In this section, we evaluated the performance of the proposed
algorithms and investigated the impacts of important parameters
on the performance of the proposed algorithms.
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TABLE IT
ACCURACY OF EACH RESOLUTION FOR DIFFERENT INFERENCE SERVICE
MODELS

Inference accuracy
Model 240p | 360p | 480p | 720p
R-FCN [6] | 0.102 | 0.315 | 0512 | 0.817
SSD [20] 0.103 | 0.252 | 0491 | 0818
YOLOv2 [29] | 0.111 | 0.265 | 0.512 | 0.865
TABLE III

PARAMETERS OF EACH MODEL RESOLUTION INSTANCE

Function type 240p 360p 480p 720p
CPU cores 0.5vCPU 0.5vCPU 1vCPU 1vCPU
Processing time [20, 30]ms [40, 50]ms [60, 70lms [80, 90ms
Inference cost [$0.01, $0.05] | [$0.06, $0.10] | [$0.11, $0.15] | [$0.16, $0.20]

A. Experimental Environment Settings

We considered an MEC network that consists of 20 APs,
which is generated by NetworkX [24]. Each cloudlet j has com-
puting capacity C'; that is randomly drawn between 30 virtual
CPU (vCPU) cores and 35 vCPU cores [26]. The bandwidth
capacity of each AP is randomly chosen from 2,000 Mbps
to 3,000 Mbps at each time slot [36]. The cost £ of a unit
bandwidth resource (Mbps) is $0.001 [34]. The transmission
delay for transmitting one MB of data along a link e € E
is drawn in [0.01, 0.05] millisecond [37]. The communication
cost (. on each link e € F is randomly drawn from $0.0001
to $0.0005 per MB [16]. The signal-to-interference-plus-noise
P;-H; .
02+Iyzl,f
range of [10, 30] dB [42]. We adopted three popular inference
service models: R-FCN [6], SSD [20], and YOLOV2 [29]. Each
model has four different resolutions with each resolution having
a different accuracy and inference time. Specifically, the four
different resolutions of each model are 240p, 360p, 480p, and
720p (K = 4), respectively, and the accuracy of a different
resolution of each model is shown in Table II.

We conducted the simulation through image detection as
shown in Table III, each service request ¢ contains images with
data volume randomly drawn from [0.5,2] MB [37] with the
delay requirement D, randomly drawn between 100 and 450 mil-
liseconds [4]. Request ¢ requests an inference model M,,,, and its
minimum accuracy requirement a; is randomly chosen from 0 to
the maximum accuracy of its requested inference model. Each
resolution instance of a model can serve up to L (=2) same type
of requests with their accuracy requirements no greater than the
accuracy of this resolution instance. For a resolution instance of
an inference service, the range of processing delay, the allocated
amount of computing resource, and the range of inference cost
©m,k are listed in Table III [1], [30]. We further assume that
the instantiating delay init,, ; of each new resolution instance
of a model is randomly drawn in [100, 200] milliseconds [31].
We calculate the payment pay; of request ¢ € U by adopting a
stair-step function, where both model resolution accuracy and
service delay are divided into four levels. Thus, the payments
of different accuracy and delay levels for a requested model are
given by these these three parameters of the stair-step function.

To evaluate Algorithm 1 for the profit maximization prob-
lem, the proposed ILP solution for the problem is served as one

ratio between a user and an AP is randomly drawn in the
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benchmark. Also, following the suggestion by one anonymous
referee, there is another ILP solution without resource viola-
tion for the problem, referred to as ILP_A, by introducing an
auxiliary variable X ,,, . to transform Constraint (6) into the
following two constraints:

M| K
Z Zsm,k 'Xj,m,k' < Cjavj EN

m=1k=1

> Tijmk <L+ Xjm ki € N,YMy, € M,k € [K],

iU
where X ,,, ;. is an integer variable, representing the number of
VM instances of model resolution M,,, ; in cloudlet j. In addi-
tion to ILP_A as benchmark for the problem, we also proposed
a greedy algorithm Greedy as benchmark as well. Greedy
admits requests one by one greedily. Within each iteration, only
the request with the maximum ratio of the profit it brought to
the computing capacity of its requested model instance will
be admitted, i.e., if request ¢ is admitted and processed by
instance M,,,  in cloudlet j while satisfying d; j ,n, » < D;and

rofit; j.om., .
profitimik must be the maximum one

a; < €m, k. thenitsratio
among yet-to-be admitted requEsts.

For the dynamic profit maximization problem, we assumed
that time horizon T consists of 50 time slots. To evaluate
Algorithm 2 for the dynamic profit maximization problem,
two benchmark algorithms No_control and No_pre are
adopted, which are the variants of Algorithm 2 without the
admission control policy and without pre-installed instances of
any model resolutions in the network. In Algorithm 2 and
No_control, the number of pre-installed instances of each
model resolution at each time slot is at least one to avoid the
denominator becoming O when calculating Ny, ,«. The threshold
0 is set to 2 by default.

The value of each figure is the mean of the results out of 25
network topological instances with the same size. The running
time of an algorithm is obtained on a desktop equipped with an
Intel(R) Xeon(R) Platinum 8280 2.70 GHz CPU, with 10 GB
RAM. The aforementioned parameters will be adopted by de-
fault unless otherwise specified.

B. Performance of Different Algorithms for the Profit
Maximization Problem

We first investigated the performance of the proposed algo-
rithm Algorithm 1 against those of Greedy, ILP, and the
ILP_A, by varying the number of requests from 200 to 1000
while fixing L at 2. With the growth on the number of requests,
we can observe from Fig. 2(a) and (b) that the performance
of Algorithm 1 is almost identical to the ILP solution and
ILP_A solution, and the performance of Greedy is the worst
one among them but with the shortest running time. When
the problem size becomes large, ILP_A solution cannot be
delivered within a practical running time. It can also be seen
from Fig. 2(c) that the capacity usage ratio of cloudlets by
Algorithm 1 increases with the increase on the number of
requests, as more service model instances need to be deployed
for admitted requests. The empirical results in Fig. 2(c) indicates
that the probability of resource violation is very small.
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the profit maximization problem.

We then studied the impact of network size |N| on the
performance of Algorithm 1, ILP, and Greedy while fix-
ing the number of requests at 1,000. It can be seen from
Fig. 3(a) that the accumulative profit of solution delivered by
Algorithm 1 is at least 5% higher than that of Greedy
for each given network size. Fig. 3(b) plots that the running
time curves of different algorithms. With the increase on | V|,
the running time of ILP rapidly increases, compared with the
other comparison algorithms including Algorithm 1. In other
words, Algorithm | exhibits a better scalability than the
ILP.

We also studied the impact of parameter L on the per-
formance of Algorithm 1 and Greedy while fixing the
number of requests at 1,000. Fig. 4(a) depicts that the ac-
cumulative profit of solution delivered by Algorithm 1 is
higher than that of Greedy for each given value of L. It

can be seen from Fig. 4(b) that with the increase on L, the
capacity usage ratios of cloudlets by Algorithm 1 decrease,
because more requests can be processed by a single resolution
instance.

C. Performance of Different Algorithms for the Dynamic
Profit Maximization Problem

We then evaluated the performance of Algorithm 2 against
those of algorithms No_control and No_pre, by varying the
number of arrived requests per time slot from 200 to 1,000.
We can observe from Fig. 5(a) that the accumulative profit
of the solution delivered by Algorithm 2 is at least 35%
higher than that of No_control, and their profit gap becomes
larger and larger as the number of arrived requests increases.
This indicates that Algorithm 2 admits requests intelligently
through its admission control policy while No_control does
not. Fig. 5(c) shows the residual computing capacity usage
ratios, i.e., the usage ratios of C, of cloudlets in Algorithm2.

What followed is to investigate the impact of parameter
L on the performance of three comparison algorithms Al -
gorithm 2, No_control, and No_pre, while fixing the
number of requests at 1,000 per time slot. Fig. 6(a) showss
that Algorithm 2 has the highest accumulative profit while
No_pre has the lowest one for different values of L. Fig. 6(b)
depicts that the residual capacity usage ratios in Algo-
rithm 2 decrease with the increase on the value of L. This
is because a larger L means that each instance can process
more requests and thus less instances are created for request
processing.

We studied the impact of threshold 6 on the performance of
Algorithm 2, by drawing its value as 2, 4, 8, and 16 while
fixing the number of requests per time slot at 1,000. Fig. 7(a)
shows the impact of € on the performance of Algorithm 2 for
requests with shorter delay requirement in [100, 200] ms. It can
be seen from Fig. 7(a) that with the increase on the value of 6,
the accumulative profit delivered by Algorithm 2 increases
first and then gradually decreases. With a larger 6, more idle
instances without instantiating delays can be used to process
requests, and thus more requests can be admitted by meeting
their delay requirements. However, when 6 is too large, the
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instance deployment cannot be effectively adjusted according
to the needs of user requests. Fig. 7(b) shows the impact of ¢
on the performance of Algorithm 2 for requests with larger
delay requirement in [300, 450] ms. It can be seen from Fig. 7(b)
that the accumulative profit delivered by Algorithm 2 de-
creases with the increase on the value of . This is because
users with larger delay requirements can tolerate the installation
delays, and the increase of 6 makes the deployment of model
instances unable to be adjusted in time according the user
needs.

We finally evaluated the impact of the network size |N| on
the performance of Algorithm 2 against No_control and
No_pre, by varying the network size while fixing the number
of requests at 600 per time slot. It can be seen from Fig. 8(b) that
with the increase on the network size, the accumulative profit
of the solution by Algorithm 2 increases. This is because
when users are distributed in a larger network, there is sufficient
bandwidth resource and computing resource. This enables more
requests to be admitted while their requirements can be met.

Number of requests per time slot

(b) Running time

600 800 1000 200 400 600 800 1000

Number of requests per time slot

Computing capacity usage rati

(c) Capacity usage ratio of Algorithm 2

Performance of the dynamic profit maximization problem, by varying the number of requests.

10
25000 @/43”‘6’/‘J g _ —=— Algorithm 2
'A;E —&— No_control
30000 —e— Algorithm 2 gg 10* —— No_pre
5 —&— No_control £g
8- 25000 —<— No_pre =g
-P 82 100
oo
20000 g—° = °| £8
—_— e X z )
50 100 150 200 1075 100 150 200

Network size Network size

(a) Accumulative profit in dollars (b) Running time

Fig. 8. Performance of the dynamic profit maximization problem, by varying
the network size | N|.

VII. CONCLUSION

In this article, we studied delay-sensitive, differential accu-
racy inference service provisioning in an edge computing net-
work. We formulated two novel profit maximization problems
for service request admissions while meeting stringent delay and
accuracy requirements of users. Specifically, we first proposed
an ILP solution for the profit maximization problem if the
problem size is small or medium; otherwise, we proposed a con-
stant randomized approximation algorithm with high probabil-
ity. Meanwhile, we considered dynamic admissions of requests
by developing a simple yet efficient prediction mechanism to
predict the number of different resolution instances of models
of each cloudlet needed in the future. We then pre-deployed
these predicted numbers of model resolution instances into
cloudlets to reduce their instantiating times, thereby admitting
more requests through meeting the delay requirements of the
requests. Built upon the pre-deployed instances, we third devised
an online algorithm with a provable competitive ratio for the
dynamic profit maximization problem, by adopting the primal-
dual dynamic updating technique. Finally, we evaluated the
performance of the proposed algorithms through simulations.
The simulation results demonstrate that the proposed algorithms
are promising.
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