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Abstract—Fog Computing (FC - similarly edge computing)
as new computing paradigm can support distributed domain-
specific or area-specific applications with cloud-like quality of
service (QoS). This promising paradigm thus can find its wide
applications in various industrial scenarios and smart cities in
which the resource requirements will be divided into peak-hour
or non-peak-hour. To deal with such features of applications,
a flexible resource allocation approach based on pricing model
can be critical for the success of such paradigm. To the best of
our knowledge, we have not seen such pricing based resource
allocation approach ever been reported for FC scenarios. In
this paper, we propose a novel pricing based dynamic resource
allocation model through overbooking mechanism, and it is
realized through three steps: 1) According to different QoS
requirements of user tasks, methods of on-demand billing, daily
billing, and auction billing are designed, in which we allow the
resource to be overbooked; 2) For auction billing, we design
an auction approach including pricing rule and winner deter-
mination rule. We prove that our auction approach guarantees
individual rationality, computational efficiency, and truthfulness.
3) To overbook as much resource as possible with a high degree
of QoS satisfaction of on-demand and daily billing, we overbook
the resource based on a resource utilization prediction using
neural network and service level agreement violation feedback.
In the end, we validate the mechanism with real-world data trace.
Experimental results show that our auction approach achieves
desirable properties, and our dynamic resource overbooking
mechanism maximizes the profit of nodes with a high degree
of QoS satisfaction of on-demand and daily billing and a high
resource utilization prediction accuracy rate.

I. INTRODUCTION

In recent years, due to the rapid growth in the number of
mobile devices, cloud computing, which is far apart from these
devices, can not meet the needs of delay-sensitive applications
like video streaming and face recognition. In fog computing
(FC), computation resource of cloud data centers is partially
offloaded to the decentralized fog (edge) nodes by deploying
the nodes at the edge of the network [1]. Compared with
cloud computing, decentralized nodes can not only support
the mobility of tasks [2], but also significantly reduce delay
while meeting the resource requirements of mobile tasks [3].
Besides, fulfilling delay requirements, FC can well support
domain-specific large-scale distributed decision-making sys-
tems [4], like the smart transportation system in cities [5].

However, the delay requirements of resource-consuming
applications may be different in FC. For example, in the smart
transportation system, real-time traffic information processing

tasks, which have apparent peak-hour and non-peak-hour, re-
quire long-term, low-overhead, and low-delay data processing.
Sudden traffic accident information processing tasks also need
to be processed in time but require less computation time.
Both of the above delay-sensitive tasks are ideal scenarios
for applying FC [5]. Also, the tasks of processing road
surveillance video, which are not delay-sensitive but need
much more computation resource, are suitable for execution on
the nodes [6]. As a result, a flexible pricing model of the nodes
is necessary for reconciling the mismatch between resource
demands and resource capacity.

To the best of our knowledge, there are relatively few
researches on the pricing model of FC. Bittencourt et al.
[7] describe the pricing model of FC and propose a general
architecture. They focus on discussing its components, inter-
faces and interactions but do not give a practical algorithm.
Zhang et al. [8] propose a hierarchical Stackelberg game based
pricing strategy to achieve high utilities with a 3-layer model
in FC. However, the task request submitted by each user is
the same. To fill in these gaps, we propose a pricing model
consisting of on-demand, daily and auction billing methods.
On-demand billing is suitable for unexpected delay-sensitive,
short-time tasks. Daily billing is for long-term tasks with
strict delay requirements. Moreover, auction billing is designed
for computationally intensive and delay insensitive tasks. The
nodes can rent out their resource for revenue, and incoming
tasks can choose the billing method flexibly.

Among these three billing methods, auction [9] is a trendy
way to deal with the relationship between different buyers and
sellers effectively. The auction theory has been extensively
studied. Jin et al. [10], [11] design two auction approaches in
Cloudlets. However, both of them are based on homogeneous
tasks. Wang et al. [12] consider heterogeneous tasks, but they
aim to minimize the expenditure of users without considering
the profit. Compared with the existing work, the auction
approach proposed mainly has the following differences: 1)
The heterogeneity of tasks (buyers) and servers (sellers) is
considered. The servers of one node are grouped to receive the
bids from tasks. 2) Each server can accept multiple (winning)
tasks, and the remaining available resource which can be sold
by auction is calculated dynamically. 3) Multiple resource
requirements of tasks are taken into consideration, and our
results are obtained based on these requirements.

Furthermore, we overbook resource to solve the problem
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of resource waste during non-peak-hour. Specifically, among
these three billing methods, on-demand and daily billing meth-
ods have a relatively high price and a high degree of quality
of service (QoS) satisfaction. Unused resource will be sold
again by auction at a relatively low price with a low degree of
QoS satisfaction. Researches on resource overbooking to make
better utilization of resource are common in cloud computing
[13], [14]. However, the relevant research is still in its infancy
in FC. Barbarossa et al. [15] propose a strategy to overbook
the computation and communication resource based on the
statistics of blocking events in mmW-mobile edge computing.
Slim et al. [16] propose a costless service offloading strategy
for distributed edge cloud considering resource overbooking.

To effectively overbook resource, the capacity of available
resource needs to be dynamically determined. Moreno et al.
[13] and Imam et al. [17] predict the resource utilization
through neural network and overbook resource based on pre-
dicted results. However, they overbook resource with no regard
for service level agreement violation (SLAV). To solve this,
we use a long short-term memory (LSTM) [18] based neural
network for prediction, and we propose a dynamic resource
adjustment mechanism, which is similar to TCP congestion
control [19]. It dynamically adjusts available resource and
prices through SLAV feedback. Different from previous work,
we overbook resource as much possible with a high degree of
QoS satisfaction of on-demand and daily billing methods.

To summarize, this paper proposes a dynamic resource
overbooking mechanism with a pricing model. This article
mainly has the following contributions:

1) We design a novel auction approach by applying pricing
and winner determination rules. We prove that our ap-
proach guarantees individual rationality, computational
efficiency, and truthfulness.

We adopt novel resource overbooking and prediction al-
gorithms based on on-demand and daily billing through
LSTM based neural network and SLAV feedbacks.

We validate our algorithms with real-world data trace,
and the experimental results show that our auction
approach achieves desirable properties. And our dy-
namic resource overbooking mechanism can maximize
the profit of nodes and achieve a high degree of QoS
satisfaction of on-demand and daily billing with a high
accuracy rate of resource utilization prediction.

2)

3)

The remainder of this paper is organized as follows. In
Section II, we describe the FC architecture model and pric-
ing model, then formulate the problem. The online auction
approach is proposed and analyzed in Section III. Then, the
dynamic resource overbooking mechanism is illustrated in
Section IV. The experimental settings and results are described
in Section V. Finally we conclude the paper in Section VI.

II. MODELING AND PROBLEM FORMULATION

In this section, we illustrate the system model for FC in II-A,
which includes mobile tasks and fog nodes. Then we introduce
the pricing model with on-demand, daily and auction billing
methods in II-B. Finally, we formulate the problem in II-C.
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A. System Model

We consider a general FC architecture. For the tasks of
mobile users, fog service providers gain revenue by leveraging
computation resource of nodes. Other agencies can rent these
resource if they have pending tasks. Take the smart trans-
portation system as an example, re-planning of traffic routes
is a delay-sensitive task which requires long-term computation
resource. Unexpected traffic accident information processing is
also delay-sensitive but only requires short-term computation
resource. Moreover, road surveillance video processing is not
delay-sensitive but needs much more computation resource.

We assume that there is a set of mobile tasks B
{b1,b2,....,b,} and a set of heterogeneous and distributed
nodes F' = {F, Fs, .., F},,}. Mobile users generate tasks and
offload them to the nodes. The tasks are divided into delay-
sensitive and computation-oriented tasks. The former needs
to be processed in time, while the latter requires a lot of
computation resource. More specifically, for the :-th task,
b, = {t5,t¢,r;,v;}, where t§ is the estimated start time, t§
is the estimated end time, r; is the resource request, and v;
is the valuation. For each r; = {r;.c,r;.m}, r;.c and r;.m
are the requests of CPU and memory resource, respectively.
v; contains the valuation for CPU and memory resource for
each node, which are denoted as {v;.c1,v;.ca,...v;.cn} and
{vi.my, v;.ma, ...v;.my, }, respectively. Here, the valuation of
each task is slightly different due to the difference in the
distance from the fog node [20]. The submit time of b; is
t;. For each Fj, there is a set of physical servers S; =
{S},52,..., 8/}, where S/ is the j-th server of F;. For each
server S/, we use S7.ag.c and S7.ag.m to denote CPU and
memory resource capacity of S, respectively.

B. Pricing Model

The nodes could earn the profit by renting out computation
resource, and users can choose different billing methods for
different types of tasks. Traditionally, the nodes can only rent
out as much resource as the servers own. But, we notice that
the actual resource utilization is always much less than the
resource allocated [21], [22]. To maximize the profit of the
nodes, we put the resource that has been allocated but unused
for a second sale, called resource overbooking [13].

For different types of tasks, we design three different billing
methods as follows.

¢ On-demand: for tasks that are delay-sensitive with short
duration. Such billing method has a high degree of QoS
satisfaction with a considerable price.

o Daily: for tasks that are also delay-sensitive but with
a long duration. In such billing method, computation
resource is reserved, and bills are paid per day. Such
billing method has a high degree of QoS satisfaction but
with a relatively low price.

« Auction: for tasks that are insensitive to delay but need
much more computation resource. Such billing method
can provide computation resource with much lower price
with a low degree of QoS satisfaction. These tasks have
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limited running time and would be evicted when the
resource is depleted.

Users can flexibly choose the billing method. For example,
most of the resource allocated to traffic information processing
tasks is unused during non-peak-hour, and can be used for a
second sale through the auction. The degree of QoS satisfac-
tion of each server L(t) = {L](t)|S{ € F} is defined as:

S7.ap.c — Sl.o(t).c S!.ag.m —

L’ (t) = min {
)]

where S7.ag = {S?.ag.c, S}.ag.m} is the resource capacity
of S7, S}.a(t) = {S].a(t).c, SJ a(t).m} is the total unused
resource of S7 at t, and S7.o(t) = {S7.0(t).c, S7.o(t).m} is
the total overbooked resource. From Eq. (1) we can see that
if there is no SLAV, the degree of QoS satisfaction equals to
1. Otherwise, it is less than 1.

C. Problem Formulation

Our goal is to maximize the profit of the nodes through
overbooking with a high degree of QoS satisfaction for those
on-demand and daily tasks, which is defined as the revenue
minus the cost.

The revenue of nodes is the sum of the payments of on-
demand, daily and auction tasks. For task b;, if b; is an on-
demand task, its payment depends on its CPU and memory
demands, which is defined as:

wy = (r.e X wd +rim X wy) X [t§ — t7],

where w? and w, are the corresponding on-demand prices
of the CPU and memory resource, respectively. ¢7 is the start
time of b; and ¢{ is the end time.

In addition, if b; is daily task, the payment is defined as:

P _ (. Py P
w! = (ri.c x wE +rim x wh) x tq,

where w? and w?, are the prices of daily methods of the CPU
and memory resource, respectively, and ¢4 is the amount of
days. In general, the prices of on-demand and daily tasks are
fixed as constants [23].

Otherwise, if b; is auction task, the payment is defined as:

tl
wi = / (ri.c x pi.c(t) + rim x ppm(t)) dt,
t

where p;.c(t) and p;.m(t) are the payments of CPU and

memory resource respectively. Their values are determined

through the auction approach described in Section IIIL.
Therefore, the total profit of S‘i’ is defined as:

Zw,@+2w£+2wz7

b,eBH! breBy? b,EBLI

(€3

where B, Bé’j and B%J are the sets of on-demand, daily
and auction tasks that run in server Sg respectively. d%’ L isa

wid o (8) = dy (1) x

S7.o(t)
SY.ap.c — Sl.a(t).c’ S!.ap.m — Sl .at)m’ |’

discount rate. To ensure the high degree of QoS satisfaction of
on-demand and daily billing, we have to reduce the revenue
to punish such SLAV with such a discount, which is defined
as the SLA of Microsoft Azure [24]:

1, LI(t) > 99.95%

0.9,  99% < LI(t) < 99.95%
0.75, 95% < LI(t) < 99%

0,  Li(t) <95%

-

Besides, the cost of the servers mainly consists of the energy
consumption of CPU and memory utilization [25], which is
defined as:

O (t) =e x [(S?.ap.c — S].a(t).c) x h,
+ (S7.a0-m — S7.a(t).m) x hy],

where e is the unit price of electricity, h. and h,, are the
amounts of power consumed per unit of CPU and memory.
Thus the problem is formulated as:

Problem 1.

maxR= Y (Zwtotal — It )) ©)

Sier
st Slo(t).e< Sla(t)c {i,j} € {i,j|S! € F}
So(t).m < Sl.a(t)m {i,j} € {i,j|S] € F}

The price of on-demand and daily billing is fixed, but the
price of auction is dynamically adjusted, and the overbooking
ratio is also determined online. Details of the online auction
approach and dynamic overbooking mechanism are described
in III and IV, respectively.

III. ONLINE AUCTION APPROACH

In this section, we first describe the pricing rule and the
winner determination rule of our auction approach in III-A.
Then, we theoretically analyze our approach in III-B.

A. Pricing Rule and Winner Determination Rule

A trusted third party called auctioneer is necessary to
administer the transaction between mobile tasks and servers.
The auctioneer first collects bids from tasks and asking prices
from servers. Then it determines the matching of winning
buyers and winning sellers, the prices charged to the buyers,
and the payment to the sellers. The auction approach should
satisfy the following three properties [10], [12]:

o Individual rationality: no winning buyer is charged
more than its bid, and no winning seller is rewarded less
than its asking price.

« Computational efficiency: the auction outcome is
tractable with polynomial time complexity.

o Truthfulness: the bid submitted by each mobile device
should be truthful, i.e., no buyer can improve its utility
by submitting a bid different from its true valuation.

We design the online auction approach based on McAfee’s
mechanism [26]. McAfee’s mechanism achieves individual
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rationality and truthfulness, but neither balanced budget nor
economic efficiency. In McAfee’s mechanism, one seller can
only accept one buyer, which is not suitable in FC scenario,
while our auction approach consisting of a pricing rule and
a winner determination rule can support one seller trading
with multiple buyers. Similar to McAfee’s mechanism, our
auction approach is individually rational and truthful, and the
theoretical analysis is shown in III-B. The pseudocode of
the pricing rule and winner determination rule can be found
in Algorithm 1 and Algorithm 2, respectively. The pricing
rule determines the candidate assignments among the servers
and the tasks with the corresponding prices. Then the winner
determination rule determines the winning bids for each server
from the candidate assignments with the corresponding prices.

In Algorithm 1, auctioneer first sorts the bids and the asking
prices. Then auctioneer determines the candidate assignment
according to the sorted results and the remaining capacity
of each server. After that, the pricing of each task and
server is determined. Some notations used in Algorithm 1
are introduced as follows. For each task by, its actual bid
price is denoted as vj. Moreover, R(t) = {S].a(t)|S] € F}
is the available resource for all servers, where S7.a(t)
{S}.a(t).c,S].a(t).m} is the available CPU and memory
resource. In addition, D(t) {S]wt)|S] e F} is
the set of asking prices of all servers, where S;.w(t)
{8].w(t).c, S .w(t).m} is the asking price of CPU and
memory resource. B, and S, are the sets of assigned tasks
and assigned servers, respectively. o is the assignment, e.g.,
o(k) = {i,j} means task by, is assigned to S?. P’ is the
payment of buyer and P, is the income of seller. For a clear
description, we use {c, m} to denote the two types of resource.
T ¢ means the resource is CPU, and x = m means the
resource is memory.

As Algorithm 1 shows, servers of each node are grouped to
receive bids. For node Fj;, V; and W; are the set of received
bids and servers. As shown in line 4, the received bids and
asking prices of each resource type are sorted in descending
and ascending order, respectively, and the results are denoted
as V; and W;. Then, as shown in line 5 - 15, the candidate
assignment is determined. For each task by, we define b;’] as:

b = {og.c; 4)
X 1{rp.c < S7.a(t).cy x H{rp.m < S7.a(t).m} x 1{t), = t},

> STw(t).c} x H{og.m; > S7.w(t).m}

where 1{-} is Iverson bracket, which is equivalent to 1 when
condition is satisfied. Otherwise, it is equivalent to 0. As shown
in line 7 - 11, if by7 1, it means the bid of task b is
larger than the asking price of server Sf, and the remaining
capacity of S7 is also larger than the request resource of by, for
both CPU and memory resource, so that by can be assigned
to S7. The task by and server S7 are added to the candidate
assignment sets B%¢ and S%! of F; with resource type z,
respectively. Then the assignment o is updated, task b is
removed from the set of sorted tasks V;, and the available
resource S7.a(t) is updated.

92

After this step, the pricing is determined in line 17 - 30.
If there are unassigned bids and servers, the pricing of each
resource type P = {P.xz|x € {¢,m}} is calculated based on
McAfee’s mechanism as [26]:

T + S!Si’lHl.w(t).x

2

If P.z is between Slsz’ll.w(t).x and v‘/Bz,i‘
charged from bid P?.z and the price rewarded to the server
P?.x are set to P.x [26]. Otherwise, we cancel all the assigned
bids of the |S%+|-th server, and set the price as the highest bid
of the |S%%|-th server. As shown in line 32, if task by is in
the candidate assignment sets of F; which are BS? and B™,
it means that by meets both the requirements of CPU and
memory resource, and we add by to the assignment set B.
Finally, we get the output as shown in line 34 - 35.

Based on the pricing rule, the candidate bids with the
corresponding prices Pib.m and P/ .x are determined. We then
introduce how to make the winner determination in Algorithm
2. In Algorithm 2, B,,, S, are the sets of winning tasks
and servers, respectively. o,, is the winning match between
tasks and servers. In the winner determination, as shown in
line 1 and line 3, auctioneer first sorts servers and bids by
a weighted sum of prices of CPU and memory resource,
ie., pl a, X Slw(t).c + B, x Slw(t).m, and pp =
oy X vg.c+ Bp X vi.m, where oy, and ), control the weights.
Then, the winning bid is determined from the candidate sets as
shown in line 4 - 17. If the server S still has enough resource
capacity, task by is assigned to it. Besides, the winning match
0w 18 updated, the sets of winning tasks B,, and servers .9,, are
updated with the corresponding prices. After that, as shown in
line 9 - 15, b, is removed from all other candidate sets, and
the S7.a(t) is updated.

’
v )
Pr = |Ba | +1

o)

.x;, the price

B. Theoretical Analysis

Next, we prove our auction approach holds the properties
of computational efficiency, individual rationality, and truth-
fulness.

Theorem 1. The proposed auction approach achieves the
individual rationality for each bid.

Proof. In Algorithm 1, there are two cases for task by to be

assigned as a buyer candidate and for server Sf to become a
seller candidate.

o Sll-s‘j’ll.w(t)..r < Pz < U\/B"*"‘\

must have an actual bid pricae v}, that vj.z; > U"B:_i‘.xi

due to the decreasing order in the set of sorted tasks V.

So that vj.xz; > UIIB‘T’iI'xi > P.z. Moreover, the server

must have an asking price S7.w(t).x < S!S‘fﬂyl.w(t).x
due to the increasing order in the set of sorted servers W;,
so each asking price of servers satisfies that S? .w(t).z <
Sllvs:’ll.w(t).x <Pzx.
o Otherwise, P.x ¢ [Slsgﬂ‘.w(t).x,v"Bgy,:
the price is set to max{v},.x;|by € BP}. For each task

.x;: In this case, task by

.z;]. In this case,
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Algorithm 1 Pricing Rule

Algorithm 2 Winner Determination Rule

Input: B, R(t), D(t)
Output: B,,S,, P’ P?
1: Set By, Sa,0, P2, P: =1
2: for F; € F do
3. for z € {¢,m} do .
4 Sort V; = {by} to V; and W; = {5/} to W
5 for S € W; do
6: for by EVZ do
7 if {7} = 1 then
8 B2i = B2t | J{bi}, 527 = S LS}

10: Sla(t).x =S .a(t)r —rpa

11: else

12: break

13: end if

14: end for

15: end for

16: P=0

17: if | BZ%| < |V and |S%%| < |[W;| then
18: Calculate P.z by Eq. (5)

19: end if

200 if S5 Lw(t).e < P <, x; then
21: Pib.;r =P’e=Px ’

22: else

23; for b, € BZ' do

24 if o(k) = {i,]5%|} then

25, Brt = B2 (b}, BY = Br Uhi}
26: end if

27: end for o

2 Spi = Sy /{85y

29: Pz = P?.x = max{v}.x;|b € BL}
30: end if

31:  end for

32: Bl =Bot(B™, S = S8t Smi

33: end for

34 B,=B!NB2..NB" S,=S:NS2..NS"
35. PP = {P}|F, € F}, P = {P}|F, € F}

36: end

by, we can easily get ’U;C.l‘i > v"Bz,i‘.xi > P.x. And for

each server S7, we can get S7.w(t).z < Sl‘salw(t)x
In addition, it is obvious that Szlszyz‘.w(t).x <
max{v}.z;|br, € BE}. So ST.w(t).x < max{v,.z;|b, €
Br}.

Therefore, each buyer assigned in Algorithm 1 is never
charged a price higher than its bid, while each seller assigned
is rewarded a payment not less than its asking price, which
ensures individual rationality for both buyers and sellers. [

Theorem 2. The proposed auction approach is computation-
ally efficient.

Proof. To analyze the time complexity, we use [ to denote
the total number of servers. To implement Algorithm 1,

Illpllt: B7 R(t)7 D(t)a Bm Saa P;v P;
Output: B, Sy, 0w, P2, P? .
1: Sort S, to § in increasing order of pg
2: for S} € S do
3. Sort B! to BY in decreasing order of py

4. for by € B! do '

5: if S7.a(t).c > ri.c and S].a(t).m > ri.m then
6: Uw(k) = {i7j}7 Ow = Ow ﬂ{aw(k)}
7: Bw - Bw ﬂ{bk}a Sw = Sw ﬂ{sf}
8: Py, =Py (P}, Py = Py (P}
9: for y € {1,2,..,m} do

10: if b, € BY then

11 BY = BY /{by}

12: end if

13: end for '

14: S.a(t).c=S5.a(t).c —ry.c

15: S?.a(t).m =S .a(t)m —rp.m

16: end if

17:  end for

18: end for

19: end

for each node and each resource type, we first sort the
tasks and the servers with a time complexity O(nlogn)
and O(llog!), respectively. Then, within the for-loop for the
candidate assignment, the time complexity is O(In). The time
complexities of obtaining P.z and pricing are O(1) and O(n),
respectively. In total, the time complexity of Algorithm 1 is
O(mnlogn) + O(mllogl) + O(min).

In Algorithm 2, the servers are sorted with time complexity
O(llogl). Then, within the first for-loop, the bids are sorted
with time complexity O(nlogn), and the time complexity of
winning assignment is O(mn). In total, Algorithm 2 has a
time complexity of O(I(log !+ nlogn+mn)). Therefore, the
overall time complexity is polynomial. O

To demonstrate the truthfulness, we should prove that each
mobile task will honestly submit all of its real costs. The
proposed mechanism is truthful if and only if the following
two conditions are satisfied [12], [27]: 1) the winning bids
determination algorithm is monotonic, and 2) each winning
bid pays the critical value. The definitions of monotonicity
and critical value are described as follows:

Definition 1. Monotonicity: for each task by, , if by, wins,
then by, also wins, where the corresponding bids of by, and
by, are vy and v; = v, +0o(c > 0), respectively.

Definition 2. Critical Value: For each task by, there is a
critical value P,i’ . If the bid of b, declares a cost that is not
larger than PP, it must win. Otherwise, it will lose.

Lemma 1. The winner determination process in Algorithm 2
is monotonic.

Proof. Assume that by, is one of the winning tasks determined
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in the i-th step of Algorithm 2, which means ¢ — 1 tasks have
won in the previous ¢ — 1 steps. Let (bk,, bk, ..., bk, ) be the
list of the winning tasks that have been determined in the
first ¢ steps. If by, was replaced by another task, e.g., by,
where the corresponding bids of by, and by, are vfci and foJ =
vy, +a(o > 0), respectively. According to Algorithm 2, by,
must win in the i-th step or even earlier step. As a result, our
auction approach is monotonic. t

Lemma 2. The winning bid in Algorithm 2 pays the critical
value.

Proof. We assume that task by, wins its bid for server Sf in
the [-th step of Algorithm 2. In this case, the payment of by, is
set to Pib. For v > 0, another bid with submitted price 7’;@, =
P,f’ + v would win, because its cost per unit resource must be
higher than the valuation of by, . But the bid v;, = PP —~ will
not win, as its valuation must be lower than the valuation of
task by,. Hence, we prove the above lemma. O

According to the above analysis, we can easily get the
following theorem through Lemmas 1 and 2 [12], [27]. Hence,
the theorem is proved.

Theorem 3. The proposed auction approach is truthful.

The auction approach solves the pricing of the resource
of auction billing while guaranteeing the individual rational-
ity, computational efficiency, and truthfulness. Based on the
pricing model consisting of auction and two other billing
methods, we can overbook the resource to achieve more profit.
The dynamic overbooking mechanism is described in the next
section.

IV. DYNAMIC OVERBOOKING MECHANISM

In this section, we present the dynamic overbooking mecha-
nism based on resource utilization prediction and SLAV feed-
back. The resource utilization is a time-sequential sequence,
which can be predicted with long short-term memory (LSTM)
based neural network [18]. We present the resource utilization
prediction with a deep neural network and the dynamic over-
booking mechanism in IV-A and IV-B, respectively.

A. Resource Utilization Prediction

To dynamically overbook the resource, we need to predict
the resource utilization for next time slot. In other words, we
need an effective resource utilization prediction method.

The LSTM based neural network architecture used in our
paper is composed of one input layer, two LSTM layers, one
linear layer and one output layer. The input of our neural
network model includes CPU and memory resource utilization,
server attributes, and task information. The output is the CPU
and memory resource utilization of each server for the next
time slot. We take symmetric mean absolute percentage error
(SMAPE) as loss function, which is defined as follows [28]:

1< A — A
SMAPE =~y ——t
n; ([Ae| + [A7]) /2

where A, is the actual value, A} is the corresponding predicted
value. The Adam optimization function is used to optimize the
neural network, which is defined as:

cache® = a x cache® ™! 4+ (1 — a.)(¢")?,

¢ n ¢
1t ¢

v cachet + eg

where w? is the learning rate at ¢, € is a smoothing parameter,
which is usually set to [10~8,107%] to avoid the denominator
to become 0, and «. is the decay rate.

Algorithm 3 Dynamic Overbooking
Input: B, R(t),D(t),L(0) = {1}
QOutput: R

1: for t € [1,T] do
for S} € F' do

Get S7.p(t) from neural network

Calculate S .a(t) by Eq. (6)

if LI(t—1) <1 then

S.ad(t)=0
else '
Calculate S}.a'(t) by Eq. (7)

end if ‘
10: Calculate S?.w(t) by Eq. (8)
11:  end for
12:  Send B, D(t), R'(t) to auctioneer
13: {Bq,Sa, P2, P$} = PricingRule(B, D(t), R'(t))
14: {Buy, Sw, 0w, P2, P$} = Winner Determination

Rule(B, R'(t), D(t), Ba, Sa. P!, Py)

15:  Calculate L(t) = {L](¢)|S] € F} by Eq. (1)
16:  Calculate R by Eq. (3)
17: end for
18: end

0 RN R W

B. Dynamic Overbooking Mechanism

The design of dynamic overbooking mechanism is to max-
imize the profit of the nodes through overbooking with a high
degree of QoS satisfaction for the on-demand and daily tasks,
which is described as follows.

The procedure of the dynamic overbooking mechanism is
shown in Algorithm 3. For each time slot ¢, the servers first
get the predicted resource utilization from the neural network
and calculate the available resource for overbooking. Then the
servers adjust the available resource according to the SLAV
feedback and update the asking price. After that, auctioneer
collects necessary information and calls Algorithms 1 and 2.
Finally, the SLAV is updated, and the profit is calculated.

First, as shown in line 3 - 4, the predicted CPU and
memory resource utilization of each server S7.p(t) =
{S].p(t).c, S} .p(t).m} is obtained from the neural network.
Then, the available CPU and memory resource S.a(t) =
{S7.a(t).c, S].a(t).m} is obtained as:

S7.a(t).x = S .ap.x — 8! p(t).x — S7.s(t).x, (6)
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where © € {c,m} is the type of resource, Sf.ap
{S/.a0.c, S].ag.m} is the resource capacity of server S;, and
S?.s(t) = {S7.s(t).c, S!.s(t).m} is the total resource rented
through the auction, which is obtained as:
Sg.s(t).ac = o
{orlt; <t<ty’} N{brlo(k)={i.j}}
where ¢ is the estimated start time of task by. ¢’ is the end

time according to the auction billing that the auction task can
last at most 7, time slot, which is defined as:

tz/ _ ti + |Ta|v ti - ti > ‘Ta| )
o tg — tp < [T
Then, as shown in line 5 - 10, the available resource for
overbooking is adjusted and the asking price is updated. To
avoid excessive SLAV, we adopt a TCP congestion control like
dynamic available resource adjustment [19]. When the degree
of QoS satisfaction L](t — 1) < 1, it means there is SLAV
for server Sf , and the available resource for auction billing
S7.a'(t) of server S¢ is set to zero. Otherwise, S7.a/(t) is
obtained as:
min{(S7.a'(t — 1) + €) x s, S7.a(t)},
. Sf.q(t) > thover
min{S?.a’(t — 1) + Bs, S7.a(t)},
thunder < S7.a(t) < theyer
min{S?.a'(t — 1), Sg.a(.t)},
Sf.a(t) < thunder

)

)

where € is a small positive constant that ensures S?.a’(t) # 0,
« and B are the parameters controlling the increment speed
of available resource. Moreover, thoye,r and thynge- are the
over and under threshold of available resource, respectively.
Eq. (7) is applied for both CPU and memory resource. When
there is a SLAYV, the available resource for auction is set to
zero. Then the available resource is updated according to the
equation. After that, the asking price S7.w(t) is calculated by
Eq. (8). The asking price should be larger than the cost price
S?.wg of each server. S7.w(t) is obtained as:

1 1-57.a(t).x j
Li(t-1) T thopera < S wo-,
S?.a(t).x > thoper.T
1-59.a(t).x j
ST aw(t).e = L?(tl—l) l_thlu:;)r_; x S7.wo.z, (3)
S?.a(t).x < thunder-x
% (2—1) x ST .wo.z, Otherwise

After the update of the available resource and the asking
price, as shown in line 12 - 14, auctioneer collects the set
of available resource R'(t) = {S7.a'(¢)|S{ € F}, the set of
asking prices D(t) of the servers, and the set of tasks B. Then
auctioneer performs the auction by calling Algorithms 1 and
2. Finally, in line 15 - 16, the degree of QoS satisfaction L(t)
is updated and will be used for next time slot. The profit is
calculated.
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V. PERFORMANCE EVALUATION

In this section, we first describe the experimental settings
in V-A. Then, the performance of the auction approach and
the dynamic overbooking mechanism is illustrated in V-B and
V-C, respectively.

A. Experimental Settings

The data set we’ve used in our experiment is chosen from
the Google cluster trace [21], [22], and the initial asking prices
are set according to Amazon Web Services (AWS) [23].

Auction approach: it is assumed that there exist 100 servers
and these servers are randomly assigned to 5 nodes. These 100
servers can be divided into six types according to their resource
capacity, which shows the heterogeneity in FC. 1 x 10° tasks
are chosen from the data set as mobile tasks for the auction.
During each time slot of 5 minutes, there are about 2000 tasks
in each auction. For each task b;, its start time ¢7, end time
t$, and request r; are extracted from the data set.

Dynamic overbooking mechanism: 6 x 107 tasks are
chosen from the date set and separated into the training set
and test set independently to train and validate the neural
network predictor. Besides, the tasks that run on these servers
are separated into on-demand and daily tasks according to their
priority. According to Eq. (2), the unit prices of on-demand
and daily billing are set to $0.0107 and $0.0038 per hour
for CPU and memory, respectively. Furthermore, the power
consumed by one CPU unit h. and memory unit h,, are set
as 0.008 and 0.00014, respectively, and the unit power fare
e is $0.2 [25]. In addition, oy, = Bp = 1, thunder = 0.1,
thover = 0.55, as = 2, B, = 0.05.

B. Auction

We will illustrate the performance of our auction approach
in the following three aspects: individual rationality, compu-
tational efficiency, and truthfulness.

Individual rationality: the bid price, asking price, and the
pricing of some winning tasks are shown in Fig. 1. In Fig. 1,
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each winning task is charged a price not higher than its bid
price, while each winning server receives a payment not less
than its asking price. Therefore, the proposed online auction
approach achieves individual rationality.

Computational efficiency: the tests of computational ef-
ficiency are run on a Linux Server with 2.50 GHz Intel
Xeon CPU E5-2609 and 16 GB memory. The computation
time with different number of servers and bids are shown in
Fig. 2(a) and Fig. 2(b), respectively. From Fig. 2, we can see
that the proposed auction approach is subject to polynomial
computation time concerning the number of servers and bids.

Truthfulness: as shown in Fig. 3, the value in x-axis is
defined as the ;atio of the submitted price to the truthful
valuation, i.e., le for the CPU resource. The value in y-axis
is the utility, which is defined as the valuation v; minus the
pricing P;. When the ratio is 1, the submitted price equals
to the truthful valuation v;.c. From Fig. 3, we can conclude
that the maximum utility is/achieved when the task submits the
truthful information, i.e., ”":C = 1. As a result, the task cannot
improve its utility througlf any other bids, which guarantees
the truthfulness.

C. Dynamic Overbooking

In this sub-section, we describe the performance of our dy-
namic overbooking mechanism. First, we validate the accuracy
rate of our neural network. Then the SLAV and profit of our
dynamic overbooking mechanism are discussed.

To effectively demonstrate the accuracy rate of predicted
resource utilization of our network, we use final state-based
(FS) method, simple moving average (SMA) method, and
exponential moving average (EMA) method as our baselines
[29]. In FS method, the information of tasks during last time
slot is used to predict, while the information of tasks during
n, last time slot is used in SMA method, where n,, is the
windows size. In EMA method, the prediction is based on the
weighted sum of the previous tasks, which is obtained as:

Pre(t) = a x J1 + (1 — a.) x Pre(t — 1),

where Pre(t) is the predicted value at time slot ¢, Jy is
the value of the tasks during the last time slot, «, is the
decay parameter to optimize the accuracy and adjusted by
experience. The results of predicted resource utilization of
different methods are shown in TABLE I. We can conclude
that the accuracy rate of our proposed LSTM based neural
network is much higher than the baselines.

The performance of a randomly selected node and server is
shown in Fig. 5 and Fig. 6, respectively. Fig. 5(a) shows the
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TABLE I
THE PREDICTION RESULTS

Prediction Method ‘ Accuracy Rate

Final State-based Method 0.674

Simple Moving Average Method (n,, = 5) 0.753
Exponential Moving Average Method (o = 0.9) 0.645
Exponential Moving Average Method (o = 0.95) 0.657
Exponential Moving Average Method (o = 1) 0.680
Proposed LSTM based Neural Network 0.815

average degree of QoS satisfaction of this node. There is a
relatively low degree of QoS satisfaction at the beginning, but
such degree is improved for the available resource adjustment
of dynamic overbooking mechanism. The average price of the
node is shown in Fig. 5(b), where the price is dynamically
adjusted according to the degree of QoS satisfaction. The CPU
and memory utilization are shown in Fig. 5(c) and Fig. 5(d)
respectively. It’s easy to see that predicted utilization matches
well with real utilization, and overall utilization is greatly
improved.

The performance of the server which belongs to this node
is shown in Fig. 6. First, the degree of QoS satisfaction is
demonstrated in Fig. 6(a), where the degree of QoS satisfaction
remains high. The price of CPU and memory is shown in
Fig. 6(b). There is little change of the price in Fig. 6(b) due
to the available resource capacity. In Fig. 6(c) and Fig. 6(d),
CPU utilization and memory utilization are improved while
the predicted results are achieving a high accuracy rate.

The average profit of the node is shown in Fig. 4. The origi-
nal CPU and memory profit is the profit without overbooking.
And the overbooked CPU and memory profit is the profit of
overbooked resource. The total overbooking profit is the sum
of the total original profit and the total overbooked profit. From
Fig. 4, we can draw the conclusion that through overbooking,
the total profit of the node can be greatly improved. To sum
up, the dynamic resource overbooking mechanism effectively
overbooks the resource with a high degree of QoS satisfaction.

VI. CONCLUSION

In this paper, we have modeled the dynamic resource
overbooking mechanism in FC. We first describe our system
model, pricing model and problem formulation of overbooking
problem. Secondly, we propose an online auction approach and
prove its individual rationality, computational efficiency, and
truthfulness. Thirdly, we describe the dynamic overbooking
mechanism based on resource utilization prediction and SLAV
feedback. We conduct the experiments with real-world data
trace, and the experimental results show that our auction
approach and dynamic overbooking mechanism are efficient.
Future work will consider the resource overbooking across fog
nodes and cloud data centers.
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