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(a) Data caching oriented (b) Task offloading oriented
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Current mobile edge services: either data caching or task 
offloading oriented
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(b) User distribution dynamics

(c) Request dynamics
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A request: 

Length: 20 time slot

2 VMs of type 1 that process data o1

1 VM of type 2 that processes data o3

{o1, o2, o3}

{o3, o4, o5, o6}

{o1, o4}
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

request k: 
3 time slots
2 VMs of type 1
process data o3

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

Making online decisions (1/9)
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

Choice 1: Assemble all VMs in location 1 

Choice 2: Assemble one VM in each location

Choice 3: Reject the request (redirect it to the cloud)

request k: 
3 time slots
2 VMs of type 1
process data o3

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

Making online decisions (2/9)
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

Assemble all VMs in location 1
- revenue: 3 * 2 *3
- transportation cost: cost(o4) 

request k: 
3 time slots
2 VMs of type 1
process data o3

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

Making online decisions (3/9)
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

request k + 1: 
3 time slots
1 VMs of type 2
process data o3

request k: 
3 time slots
2 VMs of type 1
process data o3

Assemble all VMs in location 1
- revenue: 3 * 2 *3
- transportation cost: cost(o4) 

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

Only to reject
- revenue: 0
- transportation cost: 0

Making online decisions (4/9)
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

request k + 1: 
3 time slots
1 VMs of type 2
process data o3

request k: 
3 time slots
2 VMs of type 1
process data o3

Assemble all VMs in location 1
- revenue: 3 * 2 
- transportation cost: cost(o4) 

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

Only to reject
- revenue: 0
- transportation cost: 0

Total benefit: 3*2*3 – cost(o4)

Making online decisions (5/9)
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

Reject
- revenue: 0
- transportation cost: 0

request k: 
3 time slots
2 VMs of type 1
process data o3

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

Making online decisions (6/9)
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

Reject
- revenue: 0
- transportation cost: 0

request k: 
3 time slots
2 VMs of type 1
process data o3

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

request k + 1: 
3 time slots
1 VMs of type 2
process data o3

Making online decisions (7/9)
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

request k + 1: 
3 time slots
1 VMs of type 2
process data o3

request k: 
3 time slots
2 VMs of type 1
process data o4

Reject
- revenue: 0
- transportation cost: 0

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

Assemble the VM in location 1
- revenue: 3*5
- transportation cost: 0

Making online decisions (8/9)
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Cached data: {o1, o2, o3} Cached data:{o1, o4}

request k + 1: 
3 time slots
1 VMs of type 2
process data o3

request k: 
3 time slots
2 VMs of type 1
process data o4

Reject
- revenue: 0
- transportation cost: 0

VM of type 1:
$3/time slot

VM of type 2:
$5/time slot

Assemble the VM in location 1
- revenue: 3*5
- transportation cost: 0

Total benefit: 3*1*5

Making online decisions (9/9)
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To optimize the long-term benefit (i.e. the time-averaged benefit) for 
arbitrary request sequences. Formally:
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Fig. 1. Mobile edge computing system

joint optimization problem of computing resources and data
allocation for mobile edge computing providers. We consider
the revenue of a relatively long period as the optimization
objective of the mobile edge computing providers. The main
constraints are due to the physical resource limitation in each
edge location and the transportation cost incurred from the
inter-location data transportation. We then present an online
framework with hybrid time scales to jointly optimize the com-
puting resource allocation and content allocation problems.
Our major contributions are summarized as follows:

• We identify the main challenges in developing joint
optimization framework of computing resource allocation
and data allocation, and build a mathematical model
that captures the objective and main constraints in the
practice.

• We propose an online optimization framework that works
with hybrid time scales: coarse grained time scale to
reflect the persistence of data popularity for relatively
long time, and fine grained time scale to make imme-
diate computing resource allocation decision to satisfy
the realtime requests. The framework takes the advan-
tage of the drift-plus-penalty algorithm, decomposing
the coupling constraints between sequential epochs, and
breaking down the long-term joint optimization problem
into independent computing resource allocation and data
allocation subproblems in each epoch.

• For the computing resource allocation subproblem, as
soon as a request is received, the proposed method de-
cides how to assemble the required VMs immediately. For
the decision making process, we employ a primal-dual-
based algorithm to avoid running out specific resources in
early stage, and keep the long-term revenue maximized.

• For the data allocation subproblem, we analyze the NP-
hardness of the optimization, and propose a competitive
algorithm with polynomial time complexity.

• We show that the proposed method can provide near
optimal performance without assumptions of the future
knowledge, and does not need to buffer the requests with
rigorous analysis and extensive experiments.

The remaining of the paper is organized as follows. In Sec-
tion II, we present the problem definition with mathematical
models. In Section III, we present our solutions in detail. We
show the experiment results in Section IV. In the last, we
introduce the related works in Section V, and conclude the
paper in VI.

II. PROBLEM FORMULATION

We suppose that an edge computing provider operates edge
data centers in multiple locations as shown in Fig. 1. In
each location, there are data caching devices and R kinds
of computing resources. With the computing resources, the
edge computing provider can assemble multiple types of VMs;
while with the caching devices, the edge computing provider
can allocate large amount of content to improve the QoS and
reduce the inter-location traffic transportation.

We index the edge computing locations with i(j), the
computing resource with r, and the VM type with k. The
locations are interconnected with X2+ links. Inter-location
data transportation incurs transportation cost. A request l
specifies the length Ll, the number of VMs of specified types,
and the content associated with each VM. For example, a
request might be ”5 time slots, 2 type 3 VMs associated with
content o1, and 1 type 4 VM associated with content o2 and
o3”. When the edge computing provider receives the request,
it decides wether to accept the request, and if accept, how
to assemble the required VMs from the computing resources
in multiple locations. Denote all the feasible computing re-
source allocations for l as Al. We introduce a binary variable
xl

A 2 {0, 1} to denote the provider’s decision. Specifically,
xl

A = 1 implies that A 2 Al is accepted, and xl
A = 0 the

opposite. Each Al associates with a resource allocation scheme
denoted by N(A, i, k)

l, which represents the number of type
k-VM hosted in location i. The edge computing provider
obtains revenue for providing each VM of type k with rate
pk. In this paper, we consider the time average revenue of
edge computing provider as the objective function to optimize,
because we think the focus of the edge computing providers is
the cumulated revenue in a relatively long period, and the time
average revenue can well reflect it. Specifically, we discretized
the time with epochs, then the revenue of the edge computing
provider in epoch ⌧ can be formulated as:

R⌧
=

X

l:⌧tl<⌧+1

Ll
X

A2Al

X

k

pk

X

i

N l
A,i,kxl

A, (1)

where tl is the arrival time of l, and the time average revenue
can be represented as

R = lim

T!1
(1/T )

T�1X

⌧=0

R⌧ . (2)

This work does not buffer the requests, and responds to
users immediately. Denote the total amount of resource r in

location i at time t as ci,r,t. We say an allocation is feasible
if no resource constraint is violated, i.e.

X

l:⌧tl<⌧+1

X

A2Al

N l
A,i,kgr,kxl

A  ci,r,t 8i, r, t, (3)

where gr,k denotes the amount of resource r needed for
assembling each VM of type k.

For request l, there could be multiple feasible allocations
Al. We suppose that at most one feasible allocation will be
accepted. This constraint can be expressed as

X

A2Al

xl
A  1, xl

A 2 {0, 1} 8l, A (4)

Remind that inter-location data transportation incurs cost.
This cost comes from two aspects: latency from content servers
to the computing VMs, and the monetary cost of using and
maintaining X2+ links. To ease the analysis, we assume
that the transportation cost is proportional to the amount of
traffic. Denote the transportation cost for unit traffic between
i and j as wi,j . When making computing resource allocation
decisions, not only the available computing resources in each
location, but also the content distribution should be considered
to reduce the traffic transportation cost. We assume that the
users know the location-independent identifiers (e.g. the name
of the content) of the content they need, and we do not assume
the edge users have knowledge about the content location.
Denote the content set allocated in location i as Si and the
content set required by l associating with each type k VM
as Ol,k. Given the content requirements, the edge computing
provider needs to decide from which location to obtain the
content. Specifically, given a request for content o to location
i, if o has already been allocated in i, say, o 2 Si, the edge
computing provider will fetch o from the local cache without
incurring transportation cost. Otherwise, i has to obtain the
content from neighbors. Denote fi,j,o as the amount that i
obtains from j for o, we can formulate the inter-location
transportation cost in epoch ⌧ C⌧ as follows:

C⌧
=

X

l:⌧⌧ l<⌧+1

Ll
X

A2Al

0

@
X

i

N l
A,i,k

0

@
X

o2Ol,k[o/2Si

X

j:o2Sj

wi,jfi,j,o

1

A

1

A xl
A. (5)

Given that the transportation cost for unit traffic between loca-
tions fixed, the fractional routing fi,j,o becomes superfluous,
because the request for object o shall always be directed to
the j with the lowest wij , i.e.,

j⇤
= argmin

j2I
{wi,j : o 2 Sj}. (6)

Thus, (5) becomes:

C⌧
=

X

l:⌧⌧ l<⌧+1

Ll
X

A2Al

0

@
X

i

N l
A,i,k

X

o2Ol,k[o/2Si

wi,j⇤so

1

A xl
A.

(7)

Because the transportation cost is addictive, similar to
the objective function, we emphasize the time average value
denoted as

C = lim

T!1
(1/T )

T�1X

⌧=0

C⌧ , (8)

and let
C  L. (9)

Now we are prepared to summarize the problem as follows:

max

x
R (10)

s.t. (3), (4), and (9).

Notice that besides the above optimization problem, we
have an implicit content allocation problem. In the above
problem, content distribution is taken to be static. However,
because the content popularity changes with time, we have to
optimize the content allocation according to the popularity. We
re-allocate the content among the locations at the beginning
of each epoch. Denote the size of content o as so, and the
size of the cache in location i as Si. Given the aggregating
content demand in epoch ⌧ , the content allocation problem
can be modeled as a transportation cost minimization problem
subjected to the cache size constraints. We denote d⌧

i,o as the
aggregating content demand of i for o during epoch ⌧ . It is
obviously that d⌧

i,o

d⌧
i,o =

X

l:⌧tl<⌧+1

X

A2Al

N l
A,i,kxl

A

X

o2Ol,k[o/2Si

so. (11)

For location i, we denote the set of the content it is caching
as Si. We say a cache profile of i is feasible if the total size
of the cached content does not exceed the cache size, i.e.

X

o2Si

so  Si. (12)

We define all the set of all the feasible caching profiles of i
as Fi, and introduce an indicator vector {fc1

i , fc2
i , ..., fcFi

i }
to denote whether a feasible caching profile is adopted, where
Fi is the number of all feasible caching profiles of i. It is
obvious that only one feasible caching profile can be selected
for specific epoch. We have the content allocation problem as:

fcp
i
⇤

= argmin

fcp
i

X

i

d⌧
i,o

X

pFi

cfp
i wi,j⇤ (13)

s.t.
X

pFi

cfp
i = 1, and cfp

i 2 {0, 1}. (14)

For clarity, we summarize the main concepts in Tab. II.

III. THE PROPOSED ONLINE JOINT OPTIMIZATION
FRAMEWORK WITH HYBRID TIME SCALES

In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).

location i at time t as ci,r,t. We say an allocation is feasible
if no resource constraint is violated, i.e.
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where gr,k denotes the amount of resource r needed for
assembling each VM of type k.

For request l, there could be multiple feasible allocations
Al. We suppose that at most one feasible allocation will be
accepted. This constraint can be expressed as
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Remind that inter-location data transportation incurs cost.
This cost comes from two aspects: latency from content servers
to the computing VMs, and the monetary cost of using and
maintaining X2+ links. To ease the analysis, we assume
that the transportation cost is proportional to the amount of
traffic. Denote the transportation cost for unit traffic between
i and j as wi,j . When making computing resource allocation
decisions, not only the available computing resources in each
location, but also the content distribution should be considered
to reduce the traffic transportation cost. We assume that the
users know the location-independent identifiers (e.g. the name
of the content) of the content they need, and we do not assume
the edge users have knowledge about the content location.
Denote the content set allocated in location i as Si and the
content set required by l associating with each type k VM
as Ol,k. Given the content requirements, the edge computing
provider needs to decide from which location to obtain the
content. Specifically, given a request for content o to location
i, if o has already been allocated in i, say, o 2 Si, the edge
computing provider will fetch o from the local cache without
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Because the transportation cost is addictive, similar to
the objective function, we emphasize the time average value
denoted as
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and let
C  L. (9)

Now we are prepared to summarize the problem as follows:
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s.t. (3), (4), and (9).

Notice that besides the above optimization problem, we
have an implicit content allocation problem. In the above
problem, content distribution is taken to be static. However,
because the content popularity changes with time, we have to
optimize the content allocation according to the popularity. We
re-allocate the content among the locations at the beginning
of each epoch. Denote the size of content o as so, and the
size of the cache in location i as Si. Given the aggregating
content demand in epoch ⌧ , the content allocation problem
can be modeled as a transportation cost minimization problem
subjected to the cache size constraints. We denote d⌧

i,o as the
aggregating content demand of i for o during epoch ⌧ . It is
obviously that d⌧
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For location i, we denote the set of the content it is caching
as Si. We say a cache profile of i is feasible if the total size
of the cached content does not exceed the cache size, i.e.
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o2Si
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We define all the set of all the feasible caching profiles of i
as Fi, and introduce an indicator vector {fc1

i , fc2
i , ..., fcFi

i }
to denote whether a feasible caching profile is adopted, where
Fi is the number of all feasible caching profiles of i. It is
obvious that only one feasible caching profile can be selected
for specific epoch. We have the content allocation problem as:
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For clarity, we summarize the main concepts in Tab. II.

III. THE PROPOSED ONLINE JOINT OPTIMIZATION
FRAMEWORK WITH HYBRID TIME SCALES

In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).

Decision: to accept an allocation A ¥in A^l or 
not for a certain request l

Keep the time-averaged transportation cost below L

Problem formulationlocation i at time t as ci,r,t. We say an allocation is feasible
if no resource constraint is violated, i.e.
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where gr,k denotes the amount of resource r needed for
assembling each VM of type k.

For request l, there could be multiple feasible allocations
Al. We suppose that at most one feasible allocation will be
accepted. This constraint can be expressed as
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i, if o has already been allocated in i, say, o 2 Si, the edge
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because the request for object o shall always be directed to
the j with the lowest wij , i.e.,

j⇤
= argmin

j2I
{wi,j : o 2 Sj}. (6)

Thus, (5) becomes:

C⌧
=

X

l:⌧⌧ l<⌧+1

Ll
X

A2Al

0

@
X

i

N l
A,i,k

X

o2Ol,k[o/2Si

wi,j⇤so

1

A xl
A.

(7)
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the objective function, we emphasize the time average value
denoted as
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and let
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Now we are prepared to summarize the problem as follows:
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s.t. (3), (4), and (9).

Notice that besides the above optimization problem, we
have an implicit content allocation problem. In the above
problem, content distribution is taken to be static. However,
because the content popularity changes with time, we have to
optimize the content allocation according to the popularity. We
re-allocate the content among the locations at the beginning
of each epoch. Denote the size of content o as so, and the
size of the cache in location i as Si. Given the aggregating
content demand in epoch ⌧ , the content allocation problem
can be modeled as a transportation cost minimization problem
subjected to the cache size constraints. We denote d⌧

i,o as the
aggregating content demand of i for o during epoch ⌧ . It is
obviously that d⌧
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For location i, we denote the set of the content it is caching
as Si. We say a cache profile of i is feasible if the total size
of the cached content does not exceed the cache size, i.e.
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o2Si

so  Si. (12)

We define all the set of all the feasible caching profiles of i
as Fi, and introduce an indicator vector {fc1

i , fc2
i , ..., fcFi

i }
to denote whether a feasible caching profile is adopted, where
Fi is the number of all feasible caching profiles of i. It is
obvious that only one feasible caching profile can be selected
for specific epoch. We have the content allocation problem as:

fcp
i
⇤

= argmin

fcp
i

X

i

d⌧
i,o

X

pFi

cfp
i wi,j⇤ (13)
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For clarity, we summarize the main concepts in Tab. II.

III. THE PROPOSED ONLINE JOINT OPTIMIZATION
FRAMEWORK WITH HYBRID TIME SCALES

In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).

To maximize the time-averaged revenuemax

s.t.

Resource constraints: an allocation could not 
exceeds the resource amount
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telescoping sums over ⌧ 2 0, ..., T � 1, we have Q⌧ � Q0 �PT�1
⌧=0 (C⌧ � L). Divide by T and take limit as T ! 1, we

have
C � L  lim

T!1

Q⌧

T
.

From [26], we know that Q is rate stable only if

lim

T!1

Q⌧

T
 0.

Thus, the lemma is proved.

The queue stability theory tells that, to keep the queue
stable, it suffices to minimize the Lyapunov drift sequentially.
The drift is defined as

�

⌧
=

1

2

(Q⌧
)

2 � 1

2

(Q⌧�1
)

2  B + Q⌧
(C � L), (16)

where B is a constant presenting the upper bound of
(C⌧ � L)

2. With the concept of drift, we exchange the original
problem as a drift-plus-penalty problem as follows:

max

x

R (17)

s.t. (3), (4), (9), and Q⌧ is rate stable.

A typical method to solve such kinds of problem is drift-plus-
penalty-based algorithm. Specifically, decompose the long
term objective function into subproblems with epochs, and
in arbitrary epochs ⌧ , we solve the following optimization
problem greedily:

max

x

V R⌧ � Q⌧
(C⌧ � L) (18)

s.t. (3) and (4),

where V is a constant to adjust the weight of revenue and
the violation of the transportation cost constraint. The rational
in this method is that, when the backlog of Q is large, we
allocate more resources in the locations that increase less
transportation cost, and when the backlog of Q is small, we
put more emphasis on increasing the revenue rather than the
transportation cost. The algorithm is summarized as Alg. 1:

Algorithm 1 Online Revenue Optimization Algorithm for
Epoch ⌧

Input:
The backlog Q⌧ of the virtual queue

Output:
The computing resource allocation decisions x

The caching decisions S

1: Execute Alg. 2 to update the virtual queue backlog
2: for each request arriving between ⌧ and ⌧ + 1 do
3: Execute Alg. 3 to decide computing resource allocation
4: end for
5: Compute the aggregated content demand d⌧

i,o in the end
of the current time slot (i.e. ⌧ )

6: Execute Alg. 4 to update the caching decisions S based
on d⌧

i,o

In the following sections, we present the three sub-routines
in details.

1) Virtual queue updating algorithm: At the beginning
of each epoch, the backlog of the virtual queue is updated
in accordance with the historical transportation cost. This
procedure is important for making trade-offs among epochs.
It also can be seen as deciding the “budget” that can be
consumed in the upcoming epoch. The procedure is shown
as Alg. 2.

Algorithm 2 Virtual Queue Updating Algorithm for Time Slot
⌧
Input:

The virtual queue backlog of the last time slot: Q⌧�1

The transportation cost of the last time slot: C⌧�1

Output:
The virtual queue backlog for the current time slot

1: Update the virtual queue in accordance with (15)

2) Online Computing Resource allocation algorithm: No-
tice that the requests could arrive in arbitrary time, and
the original drift-plus-penalty method cannot make realtime
decisions. In this section, we present fundamental extension
with a primal-dual-based algorithm to enable the competitive
realtime online decision making. Because we do not buffer
requests, the difficulty to realize competitive decision making
that can provide performance guarantee lies in that no future
knowledge of the request arrivals is assumed. For an arbitrary
time slot ⌧ with virtual queue backlog Q⌧ , we have the
following optimization problem:

max

x

X
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A2Al

eRl
A xl

A (19)

s.t. (3), (4)
(20)

where
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For convenience, we denote the “component” of location i of
eRl

A as

eRl
A,i = N l

A,i,k

0

@V pk �
X

o2Ol,k[o/2Si

wi,j⇤so

1

A , (22)

and it is obvious that eRl
A =

P
i

eRl
A,i. eRl

A can be seen as the
refined R with eRl

A,i the ith component.
Introduce Lagrangian multiplier ↵l to constraint (4) and

�i,r,t to constraint (3), we can have the dual problem as

Decompose the coupling of the transportation cost constraint 
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Fig. 1. Mobile edge computing system

joint optimization problem of computing resources and data
allocation for mobile edge computing providers. We consider
the revenue of a relatively long period as the optimization
objective of the mobile edge computing providers. The main
constraints are due to the physical resource limitation in each
edge location and the transportation cost incurred from the
inter-location data transportation. We then present an online
framework with hybrid time scales to jointly optimize the com-
puting resource allocation and content allocation problems.
Our major contributions are summarized as follows:

• We identify the main challenges in developing joint
optimization framework of computing resource allocation
and data allocation, and build a mathematical model
that captures the objective and main constraints in the
practice.

• We propose an online optimization framework that works
with hybrid time scales: coarse grained time scale to
reflect the persistence of data popularity for relatively
long time, and fine grained time scale to make imme-
diate computing resource allocation decision to satisfy
the realtime requests. The framework takes the advan-
tage of the drift-plus-penalty algorithm, decomposing
the coupling constraints between sequential epochs, and
breaking down the long-term joint optimization problem
into independent computing resource allocation and data
allocation subproblems in each epoch.

• For the computing resource allocation subproblem, as
soon as a request is received, the proposed method de-
cides how to assemble the required VMs immediately. For
the decision making process, we employ a primal-dual-
based algorithm to avoid running out specific resources in
early stage, and keep the long-term revenue maximized.

• For the data allocation subproblem, we analyze the NP-
hardness of the optimization, and propose a competitive
algorithm with polynomial time complexity.

• We show that the proposed method can provide near
optimal performance without assumptions of the future
knowledge, and does not need to buffer the requests with
rigorous analysis and extensive experiments.

The remaining of the paper is organized as follows. In Sec-
tion II, we present the problem definition with mathematical
models. In Section III, we present our solutions in detail. We
show the experiment results in Section IV. In the last, we
introduce the related works in Section V, and conclude the
paper in VI.

II. PROBLEM FORMULATION

We suppose that an edge computing provider operates edge
data centers in multiple locations as shown in Fig. 1. In
each location, there are data caching devices and R kinds
of computing resources. With the computing resources, the
edge computing provider can assemble multiple types of VMs;
while with the caching devices, the edge computing provider
can allocate large amount of content to improve the QoS and
reduce the inter-location traffic transportation.

We index the edge computing locations with i(j), the
computing resource with r, and the VM type with k. The
locations are interconnected with X2+ links. Inter-location
data transportation incurs transportation cost. A request l
specifies the length Ll, the number of VMs of specified types,
and the content associated with each VM. For example, a
request might be ”5 time slots, 2 type 3 VMs associated with
content o1, and 1 type 4 VM associated with content o2 and
o3”. When the edge computing provider receives the request,
it decides wether to accept the request, and if accept, how
to assemble the required VMs from the computing resources
in multiple locations. Denote all the feasible computing re-
source allocations for l as Al. We introduce a binary variable
xl

A 2 {0, 1} to denote the provider’s decision. Specifically,
xl

A = 1 implies that A 2 Al is accepted, and xl
A = 0 the

opposite. Each Al associates with a resource allocation scheme
denoted by N(A, i, k)

l, which represents the number of type
k-VM hosted in location i. The edge computing provider
obtains revenue for providing each VM of type k with rate
pk. In this paper, we consider the time average revenue of
edge computing provider as the objective function to optimize,
because we think the focus of the edge computing providers is
the cumulated revenue in a relatively long period, and the time
average revenue can well reflect it. Specifically, we discretized
the time with epochs, then the revenue of the edge computing
provider in epoch ⌧ can be formulated as:

R⌧
=

X

l:⌧tl<⌧+1

Ll
X

A2Al

X

k

pk

X

i

N l
A,i,kxl

A, (1)

where tl is the arrival time of l, and the time average revenue
can be represented as

R = lim

T!1
(1/T )

T�1X

⌧=0

R⌧ . (2)

This work does not buffer the requests, and responds to
users immediately. Denote the total amount of resource r in

location i at time t as ci,r,t. We say an allocation is feasible
if no resource constraint is violated, i.e.

X

l:⌧tl<⌧+1

X

A2Al

N l
A,i,kgr,kxl

A  ci,r,t 8i, r, t, (3)

where gr,k denotes the amount of resource r needed for
assembling each VM of type k.

For request l, there could be multiple feasible allocations
Al. We suppose that at most one feasible allocation will be
accepted. This constraint can be expressed as

X

A2Al

xl
A  1, xl

A 2 {0, 1} 8l, A (4)

Remind that inter-location data transportation incurs cost.
This cost comes from two aspects: latency from content servers
to the computing VMs, and the monetary cost of using and
maintaining X2+ links. To ease the analysis, we assume
that the transportation cost is proportional to the amount of
traffic. Denote the transportation cost for unit traffic between
i and j as wi,j . When making computing resource allocation
decisions, not only the available computing resources in each
location, but also the content distribution should be considered
to reduce the traffic transportation cost. We assume that the
users know the location-independent identifiers (e.g. the name
of the content) of the content they need, and we do not assume
the edge users have knowledge about the content location.
Denote the content set allocated in location i as Si and the
content set required by l associating with each type k VM
as Ol,k. Given the content requirements, the edge computing
provider needs to decide from which location to obtain the
content. Specifically, given a request for content o to location
i, if o has already been allocated in i, say, o 2 Si, the edge
computing provider will fetch o from the local cache without
incurring transportation cost. Otherwise, i has to obtain the
content from neighbors. Denote fi,j,o as the amount that i
obtains from j for o, we can formulate the inter-location
transportation cost in epoch ⌧ C⌧ as follows:

C⌧
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X
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Given that the transportation cost for unit traffic between loca-
tions fixed, the fractional routing fi,j,o becomes superfluous,
because the request for object o shall always be directed to
the j with the lowest wij , i.e.,

j⇤
= argmin

j2I
{wi,j : o 2 Sj}. (6)

Thus, (5) becomes:
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(7)

Because the transportation cost is addictive, similar to
the objective function, we emphasize the time average value
denoted as

C = lim

T!1
(1/T )

T�1X

⌧=0

C⌧ , (8)

and let
C  L. (9)

Now we are prepared to summarize the problem as follows:

max

x
R (10)

s.t. (3), (4), and (9).

Notice that besides the above optimization problem, we
have an implicit content allocation problem. In the above
problem, content distribution is taken to be static. However,
because the content popularity changes with time, we have to
optimize the content allocation according to the popularity. We
re-allocate the content among the locations at the beginning
of each epoch. Denote the size of content o as so, and the
size of the cache in location i as Si. Given the aggregating
content demand in epoch ⌧ , the content allocation problem
can be modeled as a transportation cost minimization problem
subjected to the cache size constraints. We denote d⌧

i,o as the
aggregating content demand of i for o during epoch ⌧ . It is
obviously that d⌧

i,o

d⌧
i,o =

X

l:⌧tl<⌧+1
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A,i,kxl

A
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so. (11)

For location i, we denote the set of the content it is caching
as Si. We say a cache profile of i is feasible if the total size
of the cached content does not exceed the cache size, i.e.

X

o2Si

so  Si. (12)

We define all the set of all the feasible caching profiles of i
as Fi, and introduce an indicator vector {fc1

i , fc2
i , ..., fcFi

i }
to denote whether a feasible caching profile is adopted, where
Fi is the number of all feasible caching profiles of i. It is
obvious that only one feasible caching profile can be selected
for specific epoch. We have the content allocation problem as:

fcp
i
⇤

= argmin

fcp
i

X

i

d⌧
i,o

X

pFi

cfp
i wi,j⇤ (13)

s.t.
X

pFi

cfp
i = 1, and cfp

i 2 {0, 1}. (14)

For clarity, we summarize the main concepts in Tab. II.

III. THE PROPOSED ONLINE JOINT OPTIMIZATION
FRAMEWORK WITH HYBRID TIME SCALES

In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).
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where gr,k denotes the amount of resource r needed for
assembling each VM of type k.

For request l, there could be multiple feasible allocations
Al. We suppose that at most one feasible allocation will be
accepted. This constraint can be expressed as
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Remind that inter-location data transportation incurs cost.
This cost comes from two aspects: latency from content servers
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users know the location-independent identifiers (e.g. the name
of the content) of the content they need, and we do not assume
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content. Specifically, given a request for content o to location
i, if o has already been allocated in i, say, o 2 Si, the edge
computing provider will fetch o from the local cache without
incurring transportation cost. Otherwise, i has to obtain the
content from neighbors. Denote fi,j,o as the amount that i
obtains from j for o, we can formulate the inter-location
transportation cost in epoch ⌧ C⌧ as follows:
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Because the transportation cost is addictive, similar to
the objective function, we emphasize the time average value
denoted as
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Notice that besides the above optimization problem, we
have an implicit content allocation problem. In the above
problem, content distribution is taken to be static. However,
because the content popularity changes with time, we have to
optimize the content allocation according to the popularity. We
re-allocate the content among the locations at the beginning
of each epoch. Denote the size of content o as so, and the
size of the cache in location i as Si. Given the aggregating
content demand in epoch ⌧ , the content allocation problem
can be modeled as a transportation cost minimization problem
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For location i, we denote the set of the content it is caching
as Si. We say a cache profile of i is feasible if the total size
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In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).
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where gr,k denotes the amount of resource r needed for
assembling each VM of type k.
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Al. We suppose that at most one feasible allocation will be
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users know the location-independent identifiers (e.g. the name
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For location i, we denote the set of the content it is caching
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of the cached content does not exceed the cache size, i.e.
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In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).

Arrival of epoch T -> CT Departure -> L 

TABLE I
SYMBOLS USED IN THE PAPER

Symbol Explanation
i, j Location index
k VM type index
R The number of VM types
l Request index
o Index of content

Ok

l

The set of contents from request l associated with
each type-k VM

⌧ Coarse grained epoch index
Ll The length of request l

c
i,r,t

Available amount of resource r in location i at time t

g
k,r

Amount of resource r needed for assembling one VM of
type k

Al Set of feasible configurations for request l

N l

A,i,k

The number of type-k VMs in location i if allocation
A for request l is accepted

p
k

Revenue rate for hosting one VM of type k

R⌧ The revenue obtained from epoch ⌧

R The long term time average of revenue
C⌧ The transportation cost during epoch ⌧

C The long term time average of transportation cost
Q⌧ The virtual queue backlog of epoch ⌧

L The long term upper bound of transportation cost

xl

A

0 � 1 decision variable which is set to one if
configuration A is used for request l

d⌧

i,o

The aggregated demand of i for content o

during epoch ⌧

w
i,j

Latency related cost rate between location i and j

S
i

The cached content set of location i

S
i

The cache size in location i

f
i,j,o

The proportion for i to obtain content o from j

↵l The Lagrangian multiplier corresponding to constraint (4)
�l

i,r,t

Lagrangian multiplier corresponding to constraint (3)
F

i

The feasible caching profile set of location i

For the coarse grained time scale, we introduce a virtual
queue the length of which represents the “budget” of trans-
portation cost that can be consumed in the coming epoch, and
then we employ the drift-plus-penalty method to optimize the
long term revenue as well as stabilizing the virtual queue. This
method enables us to take trade off of revenue and transporta-
tion cost of sequential epochs. Specifically, in the beginning
of each epoch, we accumulate the transportation cost in the
last epoch, and update the “budget” of the transportation cost
for the coming epoch, and then make computing resource
allocation decisions to optimize the summation of the revenue
and the “drift” of the virtual queue. This drift-plus-penalty
based method attracts much interest in recent years because
it could provide near optimal solutions without assumptions
of the future knowledge. However, this method usually works
in a buffer-and-decide manner, that is, buffering the requests
for a certain number of time slots, and then make a decision

on how to deal with the buffered requests. For this reason,
the traditional drift-plus-penalty method works well for delay
tolerant tasks, however, it is not capable to address the real-
time problems. In this work, we overcome the shortcomings of
the drift-plus-penalty method by introducing the primal-dual
based online algorithm to address the realtime requirement
in computing resource allocation. When a request is coming,
we allocate the resource in a way that the increase of the
primal problem is no less than (1 � 1/e) of the decrease of
the dual problem, and therefore provide (1�1/e)- competitive
solution. In the end of each epoch, we re-allocate the data
among different locations to reflect the data popularity in the
past period. With the proposed method, the immediate effect
of computing resource allocation decisions can be reflected
in the long term, and the long term data allocation decisions
can guide the computing resource allocation in a relative long
period.

End of     : optimize data 
allocation

During     : online computing 
resources allocation

Begin of     : virtual queue update

0 t1 t2 t3 …

universal of all the content as O = {o1, o2, ..., o|O|}. The
caching decision for i is denoted as a vector with |O| binary
elements, e.g. {}

in Tab. III. As stated above, the revenue of the edge
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Symbol Explanation
i, j Location index
k VM type index
l Request index
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Amount of resource r needed for assembling one VM of type k

Al Set of feasible configurations for request l

p
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Revenue rate for hosting one VM of type k
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IV. ONLINE RESOURCE ALLOCATION ALGORITHM

A. Problem analysis
B. Lyapunov optimization-based online resource allocation

The optimization problem in (??) includes a time average
constraint (??). Our algorithm will only be able to adjust
variables in each time slot. How can we guarantee this inequal-
ity be controlling the variable values over time? To satisfy
this constraint, we resort to the virtual queue techniques in
Lyapunov optimization. We introduce a virtual latency related
cost queue Q, and the dynamic of Q is

QT+1
= max[QT

+ CT � L, 0]. (11)

If queue Q is stable, its time-averaged arrival rate should not
exceed its time-averaged departure rate, which implies that
the constraint (??) is satisfied. Therefore, we can adjust the
resource allocation decisions xl

P in each time slot to guarantee
that this virtual queue is stable. Intuitively, when the size of
Q is large,

Lemma IV.1. limT!1 QT /T = 0 implies C  L.

Proof. From (11), Q⌧+1
= max [Q⌧

+ C⌧ � L, 0] � Q⌧
+

C⌧ � L. Thus, Q⌧+1 � Q⌧ � C⌧ � L for all ⌧ . Use
telescoping sums over ⌧ 2 0, ..., T � 1, we have Q⌧ � Q0 �PT�1

⌧=0 (C⌧ � L). Divide by T and take limit as T ! 1, the
lemma is proved.

Define Y ⌧
= (1/2)(Q⌧
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2, and the drift �

⌧
= Y ⌧+1 � Y ⌧ .

The following problem is equivalent to the original problem:

max
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s.t. (5) (6) (8)
Virtual queue Q⌧stable. (13)

The drift-plus-penalty algorithm:
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s.t. (5) (6) (8) (17) (15)

Algorithm 1 Online VM allocation algorithm per time slot
Input: The aggregated content demand matrix

The length of Q⌧

The resource allocation decisions x

Output: The updated virtual queue
The near optimal caching decisions Si

1: Update the virtual queue
2: Update the caching decisions

C. Primal-dual-based approximation in each time slot
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s.t. (5) (6) (8)
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universal of all the content as O = {o1, o2, ..., o|O|}. The
caching decision for i is denoted as a vector with |O| binary
elements, e.g. {}
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exceed its time-averaged departure rate, which implies that
the constraint (??) is satisfied. Therefore, we can adjust the
resource allocation decisions xl

P in each time slot to guarantee
that this virtual queue is stable. Intuitively, when the size of
Q is large,

Lemma IV.1. limT!1 QT /T = 0 implies C  L.

Proof. From (11), Q⌧+1
= max [Q⌧

+ C⌧ � L, 0] � Q⌧
+

C⌧ � L. Thus, Q⌧+1 � Q⌧ � C⌧ � L for all ⌧ . Use
telescoping sums over ⌧ 2 0, ..., T � 1, we have Q⌧ � Q0 �PT�1

⌧=0 (C⌧ � L). Divide by T and take limit as T ! 1, the
lemma is proved.

Define Y ⌧
= (1/2)(Q⌧

)

2, and the drift �

⌧
= Y ⌧+1 � Y ⌧ .

The following problem is equivalent to the original problem:

max

x

R (12)

s.t. (5) (6) (8)
Virtual queue Q⌧stable. (13)

The drift-plus-penalty algorithm:
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x

V R⌧ � �

⌧ (14)

s.t. (5) (6) (8) (17) (15)

Algorithm 1 Online VM allocation algorithm per time slot
Input: The aggregated content demand matrix

The length of Q⌧

The resource allocation decisions x

Output: The updated virtual queue
The near optimal caching decisions Si

1: Update the virtual queue
2: Update the caching decisions

C. Primal-dual-based approximation in each time slot
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A2Al

eRl,A xl
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s.t. (5) (6) (8)
Virtual queue Q⌧stable, (17)+ -

Fig. 2. Resource allocation framework with hybrid time scales

A. The online resource allocation and caching decision frame-
work

We first present our drift-plus-penalty based framework to
optimize the long term objective function (10) while satisfying
the time-averaged transportation cost constraints (5) as well as
some other linear constraints. We introduce a virtual queue Q
to represent the gap of the actual transportation cost from the
predetermined upper bound. By introducing the virtual queue,
the constraint (5) can be satisfied with queue stabilization
technology. Specifically, we denote the queue backlog at
coarse epoch ⌧ as Q⌧ , and the dynamics is defined as

Q⌧+1
= Q⌧

+ C⌧ � L, (15)

where L is the long term expected upper bound of the
transportation cost. Notice that as the queue is virtual, minus
values are allowed. We consider the transportation cost as the
speed of specific event arrivals, while the events departure
with fixed speed L. The fact that Q is stable implies that the
constraint (9) is satisfied. This can be summarized with the
following lemma:

Lemma 1. limT!1 QT /T = 0 implies C  L.

Proof. From (15), we have Q⌧+1
= max [Q⌧

+ C⌧ � L, 0] �
Q⌧

+ C⌧ � L. Thus, Q⌧+1 � Q⌧ � C⌧ � L for all ⌧ . Use

location i at time t as ci,r,t. We say an allocation is feasible
if no resource constraint is violated, i.e.

X

l:⌧tl<⌧+1

X

A2Al

N l
A,i,kgr,kxl

A  ci,r,t 8i, r, t, (3)

where gr,k denotes the amount of resource r needed for
assembling each VM of type k.

For request l, there could be multiple feasible allocations
Al. We suppose that at most one feasible allocation will be
accepted. This constraint can be expressed as

X

A2Al

xl
A  1, xl

A 2 {0, 1} 8l, A (4)

Remind that inter-location data transportation incurs cost.
This cost comes from two aspects: latency from content servers
to the computing VMs, and the monetary cost of using and
maintaining X2+ links. To ease the analysis, we assume
that the transportation cost is proportional to the amount of
traffic. Denote the transportation cost for unit traffic between
i and j as wi,j . When making computing resource allocation
decisions, not only the available computing resources in each
location, but also the content distribution should be considered
to reduce the traffic transportation cost. We assume that the
users know the location-independent identifiers (e.g. the name
of the content) of the content they need, and we do not assume
the edge users have knowledge about the content location.
Denote the content set allocated in location i as Si and the
content set required by l associating with each type k VM
as Ol,k. Given the content requirements, the edge computing
provider needs to decide from which location to obtain the
content. Specifically, given a request for content o to location
i, if o has already been allocated in i, say, o 2 Si, the edge
computing provider will fetch o from the local cache without
incurring transportation cost. Otherwise, i has to obtain the
content from neighbors. Denote fi,j,o as the amount that i
obtains from j for o, we can formulate the inter-location
transportation cost in epoch ⌧ C⌧ as follows:

C⌧
=

X

l:⌧⌧ l<⌧+1

Ll
X

A2Al

0

@
X

i

N l
A,i,k

0

@
X

o2Ol,k[o/2Si

X

j:o2Sj

wi,jfi,j,o

1

A

1

A xl
A. (5)

Given that the transportation cost for unit traffic between loca-
tions fixed, the fractional routing fi,j,o becomes superfluous,
because the request for object o shall always be directed to
the j with the lowest wij , i.e.,

j⇤
= argmin

j2I
{wi,j : o 2 Sj}. (6)

Thus, (5) becomes:

C⌧
=

X

l:⌧⌧ l<⌧+1

Ll
X

A2Al

0

@
X

i

N l
A,i,k

X

o2Ol,k[o/2Si

wi,j⇤so

1

A xl
A.

(7)

Because the transportation cost is addictive, similar to
the objective function, we emphasize the time average value
denoted as

C = lim

T!1
(1/T )

T�1X

⌧=0

C⌧ , (8)

and let
C  L. (9)

Now we are prepared to summarize the problem as follows:

max

x
R (10)

s.t. (3), (4), and (9).

Notice that besides the above optimization problem, we
have an implicit content allocation problem. In the above
problem, content distribution is taken to be static. However,
because the content popularity changes with time, we have to
optimize the content allocation according to the popularity. We
re-allocate the content among the locations at the beginning
of each epoch. Denote the size of content o as so, and the
size of the cache in location i as Si. Given the aggregating
content demand in epoch ⌧ , the content allocation problem
can be modeled as a transportation cost minimization problem
subjected to the cache size constraints. We denote d⌧

i,o as the
aggregating content demand of i for o during epoch ⌧ . It is
obviously that d⌧

i,o

d⌧
i,o =

X

l:⌧tl<⌧+1

X

A2Al

N l
A,i,kxl

A

X

o2Ol,k[o/2Si

so. (11)

For location i, we denote the set of the content it is caching
as Si. We say a cache profile of i is feasible if the total size
of the cached content does not exceed the cache size, i.e.

X

o2Si

so  Si. (12)

We define all the set of all the feasible caching profiles of i
as Fi, and introduce an indicator vector {fc1

i , fc2
i , ..., fcFi

i }
to denote whether a feasible caching profile is adopted, where
Fi is the number of all feasible caching profiles of i. It is
obvious that only one feasible caching profile can be selected
for specific epoch. We have the content allocation problem as:

fcp
i
⇤

= argmin

fcp
i

X

i

d⌧
i,o

X

pFi

cfp
i wi,j⇤ (13)

s.t.
X

pFi

cfp
i = 1, and cfp

i 2 {0, 1}. (14)

For clarity, we summarize the main concepts in Tab. II.

III. THE PROPOSED ONLINE JOINT OPTIMIZATION
FRAMEWORK WITH HYBRID TIME SCALES

In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).
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In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).
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follows:

max

↵,�

X

l

↵l
+

X

i

X

r

X

t

ci,r,t�i,r,t (23)

s.t.

↵l � Ll eRl
A �

X

i,r,t,k

N l
A,i,kgr,k�i,r,t 8A 2 Al, 8l (24)

↵l � 0, �i,r,t � 0. (25)

With the Lagrangian multipliers, we propose the following
online algorithm to respond to users’ requests.

Algorithm 3 Realtime Online Computing Resources Alloca-
tion Algorithm
Input:

The backlog of Q⌧

The cache configuration {Si}
The request sequence (indexed by l)

Output: The computing resource allocation decisions
1: Initialize �i,r,t  0 8i, r, t
2: For each request l

Compute the A⇤ 2 Al such that

A⇤
= argmax

A2Al

0

@Ll eRl
A �

X

i,r,t,k

N l
A,i,kgr,k�i,r,t

1

A

3: if Ll eRl
A⇤ �

P
i,r,t,k N l

A⇤,i,kgr,k�i,r,t < 0 then
4: Redirect the request to the cloud
5: else
6: Allocate resources to l as A⇤

7: Update �i,r,t as

�i,r,t  �i,r,t

 
1 +

P
k N l

P⇤,i,kgr,k

ci,r,t

!
+

1

e� 1

eRl
A,i

Rci,r,t

8: Set
↵l  Ll eRl

A⇤ �
P

i,r,t,k N l
A⇤,i,kgr,k�i,r,t

9: end if

3) Competitive optimal algorithm for data allocation: In
this section, we present an algorithm executed in the end of
⌧ to optimize the caching decisions. The caching decision
optimization problem can be reduced to a general assignment
problem (GAP) with sub-additive objective function which is
NP-hard. In this work, we present an approximation algorithm
that can obtain a 1/2-competitive solution. Before presenting
the algorithm, we state some assumption and concepts needed.

Definition 1 (Submodular function). Let X be a finite set, and
function f : 2

X ! R. f is submodular if for all A, B ✓ X ,

f(A [B) + f(A \B)  f(A) + f(B).

An equivalent definition of submodular is based on marginal
value. Denote by fA(i) = f(A+ i)�f(A) the marginal value
of i with respect to A, then if 8A ✓ B ✓ X and 8i 2
E �BfA(i)  fB(i), then f is supermodular.

Definition 2 (Simple Partition Matroid). X is a ground
set partitioned into l disjoint sets X1 [ X2 [ ... [
Xl with associated integers k1, k2, ..., kl, and I =

A ✓ X : |A \Xi|  ki, i = 1, ..., l. Then M = (X, I) is a
partition matroid. Specifically, if ki = 1 8i, the matroid is
called the simple partition matroid.

To solve the problem efficiently, we define the ground set
X to be {(i,F)|F 2 Fi}, where Fi denotes all the feasible
caching profiles for i subjected to the cache size in i. We
define a set function to evaluate specific caching decision as
follows:

f({Fi}) =

X

l:⌧tl<⌧+1

X

i

X

o

d⌧
i,owi,j⇤({Fi})so, (26)

and the caching decision problem can be formulated as:

min

{Fi}
f({Fi}). (27)

Lemma 2. The objective function (26) is a monotone super-
modular function.

Lemma 3. The constraints (14) correspond to a simple
partition matroid M = (X, I).

We establish that the caching decision problem is a min-
imization of a monotone supermodular function subject to
simple partition matroid constraints. Therefore, a greedy al-
gorithm, as shown in Alg. 4, will obtain a 1/2-competitive
solution.

Algorithm 4 Competitively Optimal Caching Decision Algo-
rithm
Input:

The aggregated content requirement during time slot ⌧�1

The size of cache ({Si}) in each i
The size of each content ({so})

Output:
The competitively optimal caching decision
Initialize S ;; I {i}

1: while I 6 ; do
2: for i 2 I do
3: /*Find the caching decision that can minimize the

marginal cost with a dynamic programming subrou-
tine*/

4: F⇤
i  argmin fS(Fi)

5: end for
6: F⇤  maxi2I{F⇤

i }
7: S S [ F⇤

8: I I� {i : Fi = F⇤}
9: end while

B. Performance analysis

In this section, we present performance analysis of the
proposed method. We first show the competitively of the
primal-dual based algorithm within arbitrary time slot ⌧ with
Proposition 1, the proof of which is composed of Lemma 4 5,
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In this section, we present performance analysis of the
proposed method. We first show the competitively of the
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telescoping sums over ⌧ 2 0, ..., T � 1, we have Q⌧ � Q0 �PT�1
⌧=0 (C⌧ � L). Divide by T and take limit as T ! 1, we

have
C � L  lim

T!1

Q⌧

T
.

From [26], we know that Q is rate stable only if

lim

T!1

Q⌧

T
 0.

Thus, the lemma is proved.

The queue stability theory tells that, to keep the queue
stable, it suffices to minimize the Lyapunov drift sequentially.
The drift is defined as

�

⌧
=

1

2

(Q⌧
)

2 � 1

2

(Q⌧�1
)

2  B + Q⌧
(C � L), (16)

where B is a constant presenting the upper bound of
(C⌧ � L)

2. With the concept of drift, we exchange the original
problem as a drift-plus-penalty problem as follows:

max

x

R (17)

s.t. (3), (4), (9), and Q⌧ is rate stable.

A typical method to solve such kinds of problem is drift-plus-
penalty-based algorithm. Specifically, decompose the long
term objective function into subproblems with epochs, and
in arbitrary epochs ⌧ , we solve the following optimization
problem greedily:

max

x

V R⌧ � Q⌧
(C⌧ � L) (18)

s.t. (3) and (4),

where V is a constant to adjust the weight of revenue and
the violation of the transportation cost constraint. The rational
in this method is that, when the backlog of Q is large, we
allocate more resources in the locations that increase less
transportation cost, and when the backlog of Q is small, we
put more emphasis on increasing the revenue rather than the
transportation cost. The algorithm is summarized as Alg. 1:

Algorithm 1 Online Revenue Optimization Algorithm for
Epoch ⌧

Input:
The backlog Q⌧ of the virtual queue

Output:
The computing resource allocation decisions x

The caching decisions S

1: Execute Alg. 2 to update the virtual queue backlog
2: for each request arriving between ⌧ and ⌧ + 1 do
3: Execute Alg. 3 to decide computing resource allocation
4: end for
5: Compute the aggregated content demand d⌧

i,o in the end
of the current time slot (i.e. ⌧ )

6: Execute Alg. 4 to update the caching decisions S based
on d⌧

i,o

In the following sections, we present the three sub-routines
in details.

1) Virtual queue updating algorithm: At the beginning
of each epoch, the backlog of the virtual queue is updated
in accordance with the historical transportation cost. This
procedure is important for making trade-offs among epochs.
It also can be seen as deciding the “budget” that can be
consumed in the upcoming epoch. The procedure is shown
as Alg. 2.

Algorithm 2 Virtual Queue Updating Algorithm for Time Slot
⌧
Input:

The virtual queue backlog of the last time slot: Q⌧�1

The transportation cost of the last time slot: C⌧�1

Output:
The virtual queue backlog for the current time slot

1: Update the virtual queue in accordance with (15)

2) Online Computing Resource allocation algorithm: No-
tice that the requests could arrive in arbitrary time, and
the original drift-plus-penalty method cannot make realtime
decisions. In this section, we present fundamental extension
with a primal-dual-based algorithm to enable the competitive
realtime online decision making. Because we do not buffer
requests, the difficulty to realize competitive decision making
that can provide performance guarantee lies in that no future
knowledge of the request arrivals is assumed. For an arbitrary
time slot ⌧ with virtual queue backlog Q⌧ , we have the
following optimization problem:

max

x

X

l:⌧⌧ l<⌧+1

Ll

X

A2Al

eRl
A xl

A (19)

s.t. (3), (4)
(20)

where

eRl
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For convenience, we denote the “component” of location i of
eRl

A as

eRl
A,i = N l

A,i,k

0

@V pk �
X

o2Ol,k[o/2Si

wi,j⇤so

1

A , (22)

and it is obvious that eRl
A =

P
i

eRl
A,i. eRl

A can be seen as the
refined R with eRl

A,i the ith component.
Introduce Lagrangian multiplier ↵l to constraint (4) and

�i,r,t to constraint (3), we can have the dual problem as

location i at time t as ci,r,t. We say an allocation is feasible
if no resource constraint is violated, i.e.

X

l:⌧tl<⌧+1

X

A2Al

N l
A,i,kgr,kxl

A  ci,r,t 8i, r, t, (3)

where gr,k denotes the amount of resource r needed for
assembling each VM of type k.

For request l, there could be multiple feasible allocations
Al. We suppose that at most one feasible allocation will be
accepted. This constraint can be expressed as

X

A2Al

xl
A  1, xl

A 2 {0, 1} 8l, A (4)

Remind that inter-location data transportation incurs cost.
This cost comes from two aspects: latency from content servers
to the computing VMs, and the monetary cost of using and
maintaining X2+ links. To ease the analysis, we assume
that the transportation cost is proportional to the amount of
traffic. Denote the transportation cost for unit traffic between
i and j as wi,j . When making computing resource allocation
decisions, not only the available computing resources in each
location, but also the content distribution should be considered
to reduce the traffic transportation cost. We assume that the
users know the location-independent identifiers (e.g. the name
of the content) of the content they need, and we do not assume
the edge users have knowledge about the content location.
Denote the content set allocated in location i as Si and the
content set required by l associating with each type k VM
as Ol,k. Given the content requirements, the edge computing
provider needs to decide from which location to obtain the
content. Specifically, given a request for content o to location
i, if o has already been allocated in i, say, o 2 Si, the edge
computing provider will fetch o from the local cache without
incurring transportation cost. Otherwise, i has to obtain the
content from neighbors. Denote fi,j,o as the amount that i
obtains from j for o, we can formulate the inter-location
transportation cost in epoch ⌧ C⌧ as follows:

C⌧
=

X

l:⌧⌧ l<⌧+1

Ll
X
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1

A

1

A xl
A. (5)

Given that the transportation cost for unit traffic between loca-
tions fixed, the fractional routing fi,j,o becomes superfluous,
because the request for object o shall always be directed to
the j with the lowest wij , i.e.,

j⇤
= argmin

j2I
{wi,j : o 2 Sj}. (6)

Thus, (5) becomes:

C⌧
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X

l:⌧⌧ l<⌧+1
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1

A xl
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(7)

Because the transportation cost is addictive, similar to
the objective function, we emphasize the time average value
denoted as

C = lim

T!1
(1/T )

T�1X

⌧=0

C⌧ , (8)

and let
C  L. (9)

Now we are prepared to summarize the problem as follows:

max

x
R (10)

s.t. (3), (4), and (9).

Notice that besides the above optimization problem, we
have an implicit content allocation problem. In the above
problem, content distribution is taken to be static. However,
because the content popularity changes with time, we have to
optimize the content allocation according to the popularity. We
re-allocate the content among the locations at the beginning
of each epoch. Denote the size of content o as so, and the
size of the cache in location i as Si. Given the aggregating
content demand in epoch ⌧ , the content allocation problem
can be modeled as a transportation cost minimization problem
subjected to the cache size constraints. We denote d⌧

i,o as the
aggregating content demand of i for o during epoch ⌧ . It is
obviously that d⌧

i,o

d⌧
i,o =

X

l:⌧tl<⌧+1

X

A2Al

N l
A,i,kxl

A

X

o2Ol,k[o/2Si

so. (11)

For location i, we denote the set of the content it is caching
as Si. We say a cache profile of i is feasible if the total size
of the cached content does not exceed the cache size, i.e.

X

o2Si

so  Si. (12)

We define all the set of all the feasible caching profiles of i
as Fi, and introduce an indicator vector {fc1

i , fc2
i , ..., fcFi

i }
to denote whether a feasible caching profile is adopted, where
Fi is the number of all feasible caching profiles of i. It is
obvious that only one feasible caching profile can be selected
for specific epoch. We have the content allocation problem as:

fcp
i
⇤

= argmin

fcp
i

X

i

d⌧
i,o

X

pFi

cfp
i wi,j⇤ (13)

s.t.
X

pFi

cfp
i = 1, and cfp

i 2 {0, 1}. (14)

For clarity, we summarize the main concepts in Tab. II.

III. THE PROPOSED ONLINE JOINT OPTIMIZATION
FRAMEWORK WITH HYBRID TIME SCALES

In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).

Construct the dual problem for each epoch

follows:

max

↵,�

X

l

↵l
+

X
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r
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t

ci,r,t�i,r,t (23)

s.t.

↵l � Ll eRl
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i,r,t,k

N l
A,i,kgr,k�i,r,t 8A 2 Al, 8l (24)

↵l � 0, �i,r,t � 0. (25)

With the Lagrangian multipliers, we propose the following
online algorithm to respond to users’ requests.

Algorithm 3 Realtime Online Computing Resources Alloca-
tion Algorithm
Input:

The backlog of Q⌧

The cache configuration {Si}
The request sequence (indexed by l)

Output: The computing resource allocation decisions
1: Initialize �i,r,t  0 8i, r, t
2: For each request l

Compute the A⇤ 2 Al such that

A⇤
= argmax

A2Al

0

@Ll eRl
A �

X

i,r,t,k

N l
A,i,kgr,k�i,r,t

1

A

3: if Ll eRl
A⇤ �

P
i,r,t,k N l

A⇤,i,kgr,k�i,r,t < 0 then
4: Redirect the request to the cloud
5: else
6: Allocate resources to l as A⇤

7: Update �i,r,t as

�i,r,t  �i,r,t
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P
k N l

P⇤,i,kgr,k
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Rci,r,t

8: Set
↵l  Ll eRl

A⇤ �
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i,r,t,k N l
A⇤,i,kgr,k�i,r,t

9: end if

3) Competitive optimal algorithm for data allocation: In
this section, we present an algorithm executed in the end of
⌧ to optimize the caching decisions. The caching decision
optimization problem can be reduced to a general assignment
problem (GAP) with sub-additive objective function which is
NP-hard. In this work, we present an approximation algorithm
that can obtain a 1/2-competitive solution. Before presenting
the algorithm, we state some assumption and concepts needed.

Definition 1 (Submodular function). Let X be a finite set, and
function f : 2

X ! R. f is submodular if for all A, B ✓ X ,

f(A [B) + f(A \B)  f(A) + f(B).

An equivalent definition of submodular is based on marginal
value. Denote by fA(i) = f(A+ i)�f(A) the marginal value
of i with respect to A, then if 8A ✓ B ✓ X and 8i 2
E �BfA(i)  fB(i), then f is supermodular.

Definition 2 (Simple Partition Matroid). X is a ground
set partitioned into l disjoint sets X1 [ X2 [ ... [
Xl with associated integers k1, k2, ..., kl, and I =

A ✓ X : |A \Xi|  ki, i = 1, ..., l. Then M = (X, I) is a
partition matroid. Specifically, if ki = 1 8i, the matroid is
called the simple partition matroid.

To solve the problem efficiently, we define the ground set
X to be {(i,F)|F 2 Fi}, where Fi denotes all the feasible
caching profiles for i subjected to the cache size in i. We
define a set function to evaluate specific caching decision as
follows:

f({Fi}) =

X

l:⌧tl<⌧+1

X

i

X

o

d⌧
i,owi,j⇤({Fi})so, (26)

and the caching decision problem can be formulated as:

min

{Fi}
f({Fi}). (27)

Lemma 2. The objective function (26) is a monotone super-
modular function.

Lemma 3. The constraints (14) correspond to a simple
partition matroid M = (X, I).

We establish that the caching decision problem is a min-
imization of a monotone supermodular function subject to
simple partition matroid constraints. Therefore, a greedy al-
gorithm, as shown in Alg. 4, will obtain a 1/2-competitive
solution.

Algorithm 4 Competitively Optimal Caching Decision Algo-
rithm
Input:

The aggregated content requirement during time slot ⌧�1

The size of cache ({Si}) in each i
The size of each content ({so})

Output:
The competitively optimal caching decision
Initialize S ;; I {i}

1: while I 6 ; do
2: for i 2 I do
3: /*Find the caching decision that can minimize the

marginal cost with a dynamic programming subrou-
tine*/

4: F⇤
i  argmin fS(Fi)

5: end for
6: F⇤  maxi2I{F⇤

i }
7: S S [ F⇤

8: I I� {i : Fi = F⇤}
9: end while

B. Performance analysis

In this section, we present performance analysis of the
proposed method. We first show the competitively of the
primal-dual based algorithm within arbitrary time slot ⌧ with
Proposition 1, the proof of which is composed of Lemma 4 5,

location i at time t as ci,r,t. We say an allocation is feasible
if no resource constraint is violated, i.e.

X

l:⌧tl<⌧+1

X

A2Al
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A,i,kgr,kxl

A  ci,r,t 8i, r, t, (3)

where gr,k denotes the amount of resource r needed for
assembling each VM of type k.

For request l, there could be multiple feasible allocations
Al. We suppose that at most one feasible allocation will be
accepted. This constraint can be expressed as

X

A2Al

xl
A  1, xl

A 2 {0, 1} 8l, A (4)

Remind that inter-location data transportation incurs cost.
This cost comes from two aspects: latency from content servers
to the computing VMs, and the monetary cost of using and
maintaining X2+ links. To ease the analysis, we assume
that the transportation cost is proportional to the amount of
traffic. Denote the transportation cost for unit traffic between
i and j as wi,j . When making computing resource allocation
decisions, not only the available computing resources in each
location, but also the content distribution should be considered
to reduce the traffic transportation cost. We assume that the
users know the location-independent identifiers (e.g. the name
of the content) of the content they need, and we do not assume
the edge users have knowledge about the content location.
Denote the content set allocated in location i as Si and the
content set required by l associating with each type k VM
as Ol,k. Given the content requirements, the edge computing
provider needs to decide from which location to obtain the
content. Specifically, given a request for content o to location
i, if o has already been allocated in i, say, o 2 Si, the edge
computing provider will fetch o from the local cache without
incurring transportation cost. Otherwise, i has to obtain the
content from neighbors. Denote fi,j,o as the amount that i
obtains from j for o, we can formulate the inter-location
transportation cost in epoch ⌧ C⌧ as follows:

C⌧
=
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l:⌧⌧ l<⌧+1
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Given that the transportation cost for unit traffic between loca-
tions fixed, the fractional routing fi,j,o becomes superfluous,
because the request for object o shall always be directed to
the j with the lowest wij , i.e.,

j⇤
= argmin

j2I
{wi,j : o 2 Sj}. (6)

Thus, (5) becomes:

C⌧
=
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Because the transportation cost is addictive, similar to
the objective function, we emphasize the time average value
denoted as

C = lim

T!1
(1/T )

T�1X

⌧=0

C⌧ , (8)

and let
C  L. (9)

Now we are prepared to summarize the problem as follows:

max

x
R (10)

s.t. (3), (4), and (9).

Notice that besides the above optimization problem, we
have an implicit content allocation problem. In the above
problem, content distribution is taken to be static. However,
because the content popularity changes with time, we have to
optimize the content allocation according to the popularity. We
re-allocate the content among the locations at the beginning
of each epoch. Denote the size of content o as so, and the
size of the cache in location i as Si. Given the aggregating
content demand in epoch ⌧ , the content allocation problem
can be modeled as a transportation cost minimization problem
subjected to the cache size constraints. We denote d⌧

i,o as the
aggregating content demand of i for o during epoch ⌧ . It is
obviously that d⌧

i,o

d⌧
i,o =

X

l:⌧tl<⌧+1

X

A2Al

N l
A,i,kxl

A

X

o2Ol,k[o/2Si

so. (11)

For location i, we denote the set of the content it is caching
as Si. We say a cache profile of i is feasible if the total size
of the cached content does not exceed the cache size, i.e.

X

o2Si

so  Si. (12)

We define all the set of all the feasible caching profiles of i
as Fi, and introduce an indicator vector {fc1

i , fc2
i , ..., fcFi

i }
to denote whether a feasible caching profile is adopted, where
Fi is the number of all feasible caching profiles of i. It is
obvious that only one feasible caching profile can be selected
for specific epoch. We have the content allocation problem as:

fcp
i
⇤

= argmin

fcp
i

X

i

d⌧
i,o

X

pFi

cfp
i wi,j⇤ (13)

s.t.
X

pFi

cfp
i = 1, and cfp

i 2 {0, 1}. (14)

For clarity, we summarize the main concepts in Tab. II.

III. THE PROPOSED ONLINE JOINT OPTIMIZATION
FRAMEWORK WITH HYBRID TIME SCALES

In this section, we present our online resource allocation
framework with hybrid time scales. We discrete time into
coarse grained time scale in unit of epoch to reflect the
persistence of data popularity, and in each epoch, the time
is further discrete into time slots to respond to the realtime
computing resource requests (Fig. 2).

Primal problem: Dual problem:

max min

s.t.
s.t.

Lagrangian multiplier 

18
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Primal-dual based resource allocation whenever a request arrives

follows:

max

↵,�
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l
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ci,r,t�i,r,t (23)

s.t.
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A,i,kgr,k�i,r,t 8A 2 Al, 8l (24)

↵l � 0, �i,r,t � 0. (25)

With the Lagrangian multipliers, we propose the following
online algorithm to respond to users’ requests.

Algorithm 3 Realtime Online Computing Resources Alloca-
tion Algorithm
Input:

The backlog of Q⌧

The cache configuration {Si}
The request sequence (indexed by l)

Output: The computing resource allocation decisions
1: Initialize �i,r,t  0 8i, r, t
2: For each request l

Compute the A⇤ 2 Al such that

A⇤
= argmax

A2Al
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@Ll eRl
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i,r,t,k

N l
A,i,kgr,k�i,r,t

1

A

3: if Ll eRl
A⇤ �

P
i,r,t,k N l

A⇤,i,kgr,k�i,r,t < 0 then
4: Redirect the request to the cloud
5: else
6: Allocate resources to l as A⇤

7: Update �i,r,t as

�i,r,t  �i,r,t
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8: Set
↵l  Ll eRl
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9: end if

3) Competitive optimal algorithm for data allocation: In
this section, we present an algorithm executed in the end of
⌧ to optimize the caching decisions. The caching decision
optimization problem can be reduced to a general assignment
problem (GAP) with sub-additive objective function which is
NP-hard. In this work, we present an approximation algorithm
that can obtain a 1/2-competitive solution. Before presenting
the algorithm, we state some assumption and concepts needed.

Definition 1 (Submodular function). Let X be a finite set, and
function f : 2

X ! R. f is submodular if for all A, B ✓ X ,

f(A [B) + f(A \B)  f(A) + f(B).

An equivalent definition of submodular is based on marginal
value. Denote by fA(i) = f(A+ i)�f(A) the marginal value
of i with respect to A, then if 8A ✓ B ✓ X and 8i 2
E �BfA(i)  fB(i), then f is supermodular.

Definition 2 (Simple Partition Matroid). X is a ground
set partitioned into l disjoint sets X1 [ X2 [ ... [
Xl with associated integers k1, k2, ..., kl, and I =

A ✓ X : |A \Xi|  ki, i = 1, ..., l. Then M = (X, I) is a
partition matroid. Specifically, if ki = 1 8i, the matroid is
called the simple partition matroid.

To solve the problem efficiently, we define the ground set
X to be {(i,F)|F 2 Fi}, where Fi denotes all the feasible
caching profiles for i subjected to the cache size in i. We
define a set function to evaluate specific caching decision as
follows:

f({Fi}) =

X

l:⌧tl<⌧+1

X

i

X

o

d⌧
i,owi,j⇤({Fi})so, (26)

and the caching decision problem can be formulated as:

min

{Fi}
f({Fi}). (27)

Lemma 2. The objective function (26) is a monotone super-
modular function.

Lemma 3. The constraints (14) correspond to a simple
partition matroid M = (X, I).

We establish that the caching decision problem is a min-
imization of a monotone supermodular function subject to
simple partition matroid constraints. Therefore, a greedy al-
gorithm, as shown in Alg. 4, will obtain a 1/2-competitive
solution.

Algorithm 4 Competitively Optimal Caching Decision Algo-
rithm
Input:

The aggregated content requirement during time slot ⌧�1

The size of cache ({Si}) in each i
The size of each content ({so})

Output:
The competitively optimal caching decision
Initialize S ;; I {i}

1: while I 6 ; do
2: for i 2 I do
3: /*Find the caching decision that can minimize the

marginal cost with a dynamic programming subrou-
tine*/

4: F⇤
i  argmin fS(Fi)

5: end for
6: F⇤  maxi2I{F⇤

i }
7: S S [ F⇤

8: I I� {i : Fi = F⇤}
9: end while

B. Performance analysis

In this section, we present performance analysis of the
proposed method. We first show the competitively of the
primal-dual based algorithm within arbitrary time slot ⌧ with
Proposition 1, the proof of which is composed of Lemma 4 5,

Update the 
primal variables 
less than (1 –
1/e) times of the 
corresponding 
dual variables  



End of     : optimize data allocation

During     : online computing resources 
allocation

Begin of     : virtual queue update

0 t1 t2 t3 …

universal of all the content as O = {o1, o2, ..., o|O|}. The
caching decision for i is denoted as a vector with |O| binary
elements, e.g. {}

in Tab. III. As stated above, the revenue of the edge

TABLE I
SYMBOLS USED IN THE PAPER

Symbol Explanation
i, j Location index
k VM type index
l Request index

c

i,r,t

Available amount of resource r in location i at time t

g

k,r

Amount of resource r needed for assembling one VM of type k

A

l Set of feasible configurations for request l
p

k

Revenue rate for hosting one VM of type k

x

l

A

0� 1 decision variable which is set to one if
configuration A is used for request l

w

i,j

Latency related cost rate between location i and j

S

i

The cached contents of location i

f

i,j,o

The proportion for i to obtain content o from j

computing provider in time slot ⌧ can be obtained as

R⌧
=

X

l:⌧⌧ l<⌧+1

Ll
X

A2Al

X

k

pk
X

i

N l
A,i,kx

l
A. (2)

We define the time-average revenue of the edge computing
provider as

R = lim

T!1
(1/T )

T�1X

⌧=0

R⌧ . (3)

Then the objective of the edge provider is to maximize the
time-average revenue subject to constraints:

max

x
R (4)

s.t.
X

A2Al

xl
A  1 8l (5)

X

l:⌧⌧ l<⌧+1

X

A2Al

N l
A,i,kgr,kx

l
A  ci,r,t 8i, r, t (6)

C  L (7)
xl
P 2 {0, 1} 8P, l, (8)

where C⌧ is the latency related cost in time slot ⌧ defined as

C⌧
=

X

l:⌧⌧ l<⌧+1

Ll
X

A2Al

0

@
X

i

N l
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0

@
X

o2Ol,k[o/2Si
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j:o2Sj
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1

A

1

Axl
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and the time average cost C is defined as:

C = lim

T!1
(1/T )

T�1X

⌧=0

C⌧ . (10)

Notice that although

IV. ONLINE RESOURCE ALLOCATION ALGORITHM

A. Problem analysis

B. Lyapunov optimization-based online resource allocation

The optimization problem in (??) includes a time average
constraint (??). Our algorithm will only be able to adjust
variables in each time slot. How can we guarantee this inequal-
ity be controlling the variable values over time? To satisfy
this constraint, we resort to the virtual queue techniques in
Lyapunov optimization. We introduce a virtual latency related
cost queue Q, and the dynamic of Q is

QT+1
= max[QT

+ CT � L, 0]. (11)

If queue Q is stable, its time-averaged arrival rate should not
exceed its time-averaged departure rate, which implies that
the constraint (??) is satisfied. Therefore, we can adjust the
resource allocation decisions xl

P in each time slot to guarantee
that this virtual queue is stable. Intuitively, when the size of
Q is large,

Lemma IV.1. limT!1 QT /T = 0 implies C  L.

Proof. From (11), Q⌧+1
= max [Q⌧

+ C⌧ � L, 0] � Q⌧
+

C⌧ � L. Thus, Q⌧+1 � Q⌧ � C⌧ � L for all ⌧ . Use
telescoping sums over ⌧ 2 0, ..., T � 1, we have Q⌧ �Q0 �PT�1

⌧=0 (C⌧ � L). Divide by T and take limit as T ! 1, the
lemma is proved.

Define Y ⌧
= (1/2)(Q⌧

)

2, and the drift �⌧
= Y ⌧+1 � Y ⌧ .

The following problem is equivalent to the original problem:

max

x

R (12)

s.t. (5) (6) (8)
Virtual queue Q⌧stable. (13)

The drift-plus-penalty algorithm:

max

x

V R⌧ ��

⌧ (14)

s.t. (5) (6) (8) (17) (15)

Algorithm 1 Online VM allocation algorithm per time slot
Input: The aggregated content demand matrix

The length of Q⌧

The resource allocation decisions x

Output: The updated virtual queue
The near optimal caching decisions Si

1: Update the virtual queue
2: Update the caching decisions

C. Primal-dual-based approximation in each time slot

max

x
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computing largely improve the QoE, and enrich the function-
alities [12] [13] [14] [15]. In [16], the authors present a Fog-
Cloud hybrid computing architecture to provide high perfor-
mance computing offloading. They make in-depth study on the
tradeoff between power consumption and transmission delay,
and provide guidelines to optimize the workload allocation. In
[17], the authors consider embedding chained functions into
edge computing clusters to enhance the service capability. In
their work, they make in-depth study with graph theories, and
provide general solutions with competitive performance. In
[18], the authors propose a cloud assisted MEC framework.
In their work, the authors model the system with a queuing
network, and present efficient solutions that can find the best
tradeoff between performance and cost. Because computing
task offloading is closely related to the computing resource
allocation, in the practice, joint task offloading and resource
allocation framework desired. In [19], the authors study the
joint task offloading and resource allocation, and present
a novel algorithm that achieves near optimal solutions to
maximize the users’ task offloading gains. In addition to the
mobile cloud computing with conventional devices, recently,
MEC with energy harvesting devices also attract interests. In
[20], the authors investigate a green MEC system with en-
ergy harvesting devices, and develop an effective computation
offloading strategy.

In addition to computing task offloading, large content
providers known as OTT also show interest to push their
content to the edge computing locations to further reduce the
distance to the end users [8] [21] [22]. In [23], the authors con-
sider a hybrid cloud-based content distribution network, and
design a dynamic control algorithm to optimally place contents
and dispatch requests across geo-distributed data centers. In
[24], the authors envision femtocell-like base stations to help
form a wireless distributed caching network. The authors make
in-depth study of the key enabling technologies, and verify the
proposed system with detailed simulations. In [25], the authors
propose to advocate edge caching to facilitate the increasing
mobile multimedia services. In their work, the authors model
the joint resource allocation, content placement, and request
routing problems, and present a novel online approximation
algorithm that obtains near optimal solutions within reasonable
time. Our work is different from most of the existing research
that either emphases computing or caching in that we consider
a joint framework of computing and caching, enabling more
general applications.

From the methodology aspect, a main challenge in the
resource allocation of MEC is the high dynamic. As a robust
method with low complexity, the Lyapunov optimization-based
drift-plus-penalty algorithms attract interests [26]. Because this
method can obtain sub-optimal performance without knowing
any knowledge of the future, the vanilla algorithm and varia-
tions are widely used in dynamic systems [27] [23] [20] [28].
In [29] and [30], the authors present the applications with two
time scales, widely extending the usage. However, most of
the Lyapunov optimization-based method needs buffering the
request, and therefore, cannot satisfy realtime requirements.

The trade off between rejection rate and the transportation cost 
upper bound
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computing largely improve the QoE, and enrich the function-
alities [12] [13] [14] [15]. In [16], the authors present a Fog-
Cloud hybrid computing architecture to provide high perfor-
mance computing offloading. They make in-depth study on the
tradeoff between power consumption and transmission delay,
and provide guidelines to optimize the workload allocation. In
[17], the authors consider embedding chained functions into
edge computing clusters to enhance the service capability. In
their work, they make in-depth study with graph theories, and
provide general solutions with competitive performance. In
[18], the authors propose a cloud assisted MEC framework.
In their work, the authors model the system with a queuing
network, and present efficient solutions that can find the best
tradeoff between performance and cost. Because computing
task offloading is closely related to the computing resource
allocation, in the practice, joint task offloading and resource
allocation framework desired. In [19], the authors study the
joint task offloading and resource allocation, and present
a novel algorithm that achieves near optimal solutions to
maximize the users’ task offloading gains. In addition to the
mobile cloud computing with conventional devices, recently,
MEC with energy harvesting devices also attract interests. In
[20], the authors investigate a green MEC system with en-
ergy harvesting devices, and develop an effective computation
offloading strategy.

In addition to computing task offloading, large content
providers known as OTT also show interest to push their
content to the edge computing locations to further reduce the
distance to the end users [8] [21] [22]. In [23], the authors con-
sider a hybrid cloud-based content distribution network, and
design a dynamic control algorithm to optimally place contents
and dispatch requests across geo-distributed data centers. In
[24], the authors envision femtocell-like base stations to help
form a wireless distributed caching network. The authors make
in-depth study of the key enabling technologies, and verify the
proposed system with detailed simulations. In [25], the authors
propose to advocate edge caching to facilitate the increasing
mobile multimedia services. In their work, the authors model
the joint resource allocation, content placement, and request
routing problems, and present a novel online approximation
algorithm that obtains near optimal solutions within reasonable
time. Our work is different from most of the existing research
that either emphases computing or caching in that we consider
a joint framework of computing and caching, enabling more
general applications.

From the methodology aspect, a main challenge in the
resource allocation of MEC is the high dynamic. As a robust
method with low complexity, the Lyapunov optimization-based
drift-plus-penalty algorithms attract interests [26]. Because this
method can obtain sub-optimal performance without knowing
any knowledge of the future, the vanilla algorithm and varia-
tions are widely used in dynamic systems [27] [23] [20] [28].
In [29] and [30], the authors present the applications with two
time scales, widely extending the usage. However, most of
the Lyapunov optimization-based method needs buffering the
request, and therefore, cannot satisfy realtime requirements.

The trade off between time-averaged revenue and the 
transportation cost upper bound
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computing largely improve the QoE, and enrich the function-
alities [12] [13] [14] [15]. In [16], the authors present a Fog-
Cloud hybrid computing architecture to provide high perfor-
mance computing offloading. They make in-depth study on the
tradeoff between power consumption and transmission delay,
and provide guidelines to optimize the workload allocation. In
[17], the authors consider embedding chained functions into
edge computing clusters to enhance the service capability. In
their work, they make in-depth study with graph theories, and
provide general solutions with competitive performance. In
[18], the authors propose a cloud assisted MEC framework.
In their work, the authors model the system with a queuing
network, and present efficient solutions that can find the best
tradeoff between performance and cost. Because computing
task offloading is closely related to the computing resource
allocation, in the practice, joint task offloading and resource
allocation framework desired. In [19], the authors study the
joint task offloading and resource allocation, and present
a novel algorithm that achieves near optimal solutions to
maximize the users’ task offloading gains. In addition to the
mobile cloud computing with conventional devices, recently,
MEC with energy harvesting devices also attract interests. In
[20], the authors investigate a green MEC system with en-
ergy harvesting devices, and develop an effective computation
offloading strategy.

In addition to computing task offloading, large content
providers known as OTT also show interest to push their
content to the edge computing locations to further reduce the
distance to the end users [8] [21] [22]. In [23], the authors con-
sider a hybrid cloud-based content distribution network, and
design a dynamic control algorithm to optimally place contents
and dispatch requests across geo-distributed data centers. In
[24], the authors envision femtocell-like base stations to help
form a wireless distributed caching network. The authors make
in-depth study of the key enabling technologies, and verify the
proposed system with detailed simulations. In [25], the authors
propose to advocate edge caching to facilitate the increasing
mobile multimedia services. In their work, the authors model
the joint resource allocation, content placement, and request
routing problems, and present a novel online approximation
algorithm that obtains near optimal solutions within reasonable
time. Our work is different from most of the existing research
that either emphases computing or caching in that we consider
a joint framework of computing and caching, enabling more
general applications.

From the methodology aspect, a main challenge in the
resource allocation of MEC is the high dynamic. As a robust
method with low complexity, the Lyapunov optimization-based
drift-plus-penalty algorithms attract interests [26]. Because this
method can obtain sub-optimal performance without knowing
any knowledge of the future, the vanilla algorithm and varia-
tions are widely used in dynamic systems [27] [23] [20] [28].
In [29] and [30], the authors present the applications with two
time scales, widely extending the usage. However, most of
the Lyapunov optimization-based method needs buffering the
request, and therefore, cannot satisfy realtime requirements.

The trade off between the transportation cost constraint violation 
and the transportation cost upper bound
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Conclusions

l We proposed a joint data caching and processing framework for 
MEC

l We analyze the main challenges of the joint optimization of 
caching and processing

l We propose an online approach to solve the joint optimization 
problem without knowledge of the future

l The proposed approach achieves proven performance guarantees
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