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Abstract—We study an offloading mechanism for cellular
networks in which mobiles with good cellular links can act
as hotspots and can assist other mobiles. We study throughput
optimal offloading and also a fair offloading strategy which we
call proportional increment offloading. We show that the former
problem can be reduced to a capacitated facility location problem
(CFLP) whereas the latter can be solved by solving a sequence
of CFLPs. We propose a belief propagation based algorithm to
solve CFLP, a well known NP complete problem. We primarily
consider point coordination function (PCF) based WiFi access for
offloading but also discuss distributed coordination function (DCF)
based access and related issues. Further, we argue that all the
mobiles benefit through participating in offloading. We perform
extensive simulation to evaluate the performance of the proposed
algorithms and effectiveness of mobile assisted offloading.

I. I NTRODUCTION
Recent advances in cellular network have resulted in dramatic enhancements in wireless capacity. However, the wireless capacity remains in constant deficit due to exploding
mobile data traffic usage. Proliferation of smartphones have
boosted the data usage through data-hungry mobile apps, video
streaming and various social and cloud services. Recently,
Cisco has predicted that global mobile data traffic is expected
to grow 18 folds between 2011-2018, three time faster than
the overall fixed IP traffic in the same period [2], in which
66.5% will be contributed by video content.
Data offloading is becoming the most promising solution
either from macrocell to smaller cells (e.g., picocells, femtocells) or over Wireless Fidelity (WiFi) enabled by heterogeneous network deployment. These solutions have become
integral part of the next generation cellular network such as
LTE. Typically, additional infrastructure is deployed to enable
offloading in either case, e.g. Femto/Pico base stations (BSs)
to offload mobile traffic from macrocells [17] or WiFi hotspots
to offload cellular traffic to a backbone or cable network [21].
In some cases, the urban widespread home WiFi access point
acts as a hotspot for small range offloading which reduces the
additional infrastructure deployment cost [21].
In this work, we study a scheme where mobiles with good
cellular links can act as WiFi hotspots, which can offload the
cellular data of nearby mobiles with poor cellular links. More
precisely, the good cellular link of the hotspot is shared with
the associated mobiles with poor links. Further, the hotspot
sends data to a mobile (or, receives data from it in the
case of uplink communication) using WiFi. We focus on the
problems of hotspot selection and hotspot mobile association
to achieve fair and optimal network wide throughputs. We
study a sum throughput maximization problem in which each
mobile obtains at least the rate it was originally getting. We
see that the aggregate network throughput can be significantly
enhanced. Towards fairness, we study a proportional increment
fair strategy in which each mobile obtains a proportional gain
as compared to the base rate. While a mobile serving as a
hotspot results in overall network throughput gain, incentive
for becoming a hotspot is a natural question. To address this,
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we study a simple incentivizing scheme in which the hotspot
is provided an additional amount of throughput fraction. We
formulate an optimization problem to capture the incentivizing
scheme which has similar structure as that of the sum throughput maximization problem. We consider both PCF and DCF
based WiFi access for the mobiles to connect to the hotspots.
Interestingly, we show that our problem can be reduced
to a capacitated facility location problem (CFLP). A facility
location problem consists of a set of candidate facilities and a
set of customers. Here, the objective is to open a subset of the
facilities so as to minimize the sum of the facility opening
costs and the transportation costs. In case of CFLPs the
facilities have certain capacities and the associated customers’
demands should not exceed these. On the other hand, there are
no capacity constraints in the uncapacitated facility location
problems (UFLPs). Both UFLP and CFLP are know to be
NP complete [24]. Belief Propagation based message passing
algorithms for UFLP have been proposed in [13]. In this
paper, we propose a message passing based algorithm to solve
CFLP, which is also suitable for a distributed setting. We apply
this algorithm to our network configuration problem which
is shown to perform well through numerical evaluation. In
particular, the key contributions of this work are as follows:
• We frame joint problems of BS resource allocation,
hotspot selection and association for optimal and fair
mobile assisted offloading as constrained mixed integer
nonlinear programming problems. Then, we reduce these
to CFLPs, a widely studied class of mixed integer linear
programming problems.
• We propose a belief propagation based algorithm to
solve general CFLPs. Observe that CFLPs are rooted in
operation research and are known to be NP-complete.
The proposed algorithm is suitable for distributed implementation. We apply this algorithm to solve optimal (and
fair) offloading problems.
• We discuss incentivizing strategies for mobiles to serve
as hotspots. We analyse one such strategy and illustrate
its impact via numerical evaluation.
• Besides PCF, we also consider DCF based WiFi offloading and discuss its performance and related issues.
A. Related Work
There are several works on offloading cellular data traffic
using small cells [5], [8], [17] and WiFi [14], [19].In contrast
to our work, they consider offloading the cellular data over independent connection to internet through infrastructure based
backhaul or cable based connections. The authors in [10], [21]
focus on WLANs wherein the APs also need to serve nonlocal mobiles. They propose collaborative approaches for the
APs to share some of their bandwidth to serve these mobiles.
The set of APs is known a priori and mobiles are connected
to these access points optimally. In [22], the authors focus
on placement of a fixed number of Mobile backbone nodes
(MBNs) and the assignment of regular nodes to MBNs. Unlike

2017 15th International Symposium on Modeling and Optimization in Mobile, Ad Hoc, and Wireless Networks (WiOpt)

our problem, in their network, the mobiles and the MBNs
belong to disjoint sets. In particular, a mobile cannot act as
an MBN for other mobiles. Also, we do not a priori fix the
number of hotspots as in [22].
A cellular data sharing is proposed in [15] where mobile
hosts with poor links use peer-to-peer links to access proxy
clients with better channel quality. The paper does not consider
the key problem of network reorganization in such cases and
how the sharing is done to ensure benefits to all the nodes.
The authors in [7], [9] allow a few mobiles to be hotspots and
design incentive mechanisms to encourage them to do so. The
work in [16] also studies mobile assisted offloading aiming at
maximizing the aggregate network throughput. However, they
deal with a simplistic model and only provide heuristics.
Facility location problem (FLP) is well studied in operation
research context. Simple FLP or uncapacitated FLP (UFLP)
involves locating an undetermined number of facilities to
minimize the aggregate cost of serving the demand from these
facilities. In [11], authors have established NP-completeness of
UFLP using packing-covering-partition approach. The author
in [6] has presented a dual based algorithm for solving UFLP
which remains the most efficient technique yet. Message
passing based algorithm for UFLP is presented in [13], [20]
and is shown to perform well. The capacitated version of
FLP, called as capacitated facility location problem (CFLP),
incorporates the capacity limitations on the facilities. Besides
several earlier methods, cross-decomposition algorithm of [23]
and Lagrangian based approach in [4] are the most effective
techniques. The basic idea in [23] is to obtain UFLP structure
by dualyzing the capacity constraints.
Remaining of the paper is organized as follows. The
network model and optimization problem is described in
Section II which includes the cellular and Wifi connection
configuration specific to our problem. In Section III, we show
the reduction of our problem to CFLP and propose belief
propagation based message passing algorithm for CFLP. In
Section IV, we study a simple hotspot incentivizing scheme
and describe the optimization problem formulation. In Section
V, we formulate the hotspot selection problem, in which,
the WiFi access happens using DCF. Through numerical
evaluation, we show the benefit of optimal and fair mobile
assisted offloading in various cases in Section VI. Finally, we
conclude with remarks in Section VII.

Fig. 1: An illustration of mobile assisted offloading
link to receive data intended for the mobiles that it serves,
and can deliver the same to the mobiles using WiFi. So, in
our model, each mobile either directly connects to the BS and
possibly acts as a hotspot for a few other mobiles or receives
data through another hotspot. In the latter case, it can connect
to exactly one hotspot. Let aij ∈ {0, 1}, i, j = 1, 2, . . . , N be
binary variables such that
(a) aii is one if and only if i directly connects to the BS, and
(b) aij , i 6= j is one if and only if i serves as a hotspot for j
Clearly,
N
X
aij = 1, j = 1, . . . , N,
(1)
i=1

and aij ≤ aii , i, j = 1, . . . , N.

Note that the BS needs to allocate its resources only among
the hotspots. Let αi be the fraction of resources allocated
to mobile i; αj = 0 if j is not a hotspot. Let Wij be the
maximum possible WiFi rate between mobiles i and j when
the former becomes a hotspot and serves the latter. The actual
rate depends on the modulation and coding scheme and can be
less than Wij . Finally, let Tj denote the throughput received by
mobile j. Note that, for any hotspot, the sum of its throughput
and its client mobiles’ throughputs must equal the throughput
that it receives from the BS. So, we must have
N
X

aij Tj = αi Ri , i = 1, . . . , N

(3)

j=1

where

N
X

αi ≤ 1.

(4)

i=1

II. H OTSPOT S ELECTION P ROBLEM
A. Network Model
We consider a single cell of a cellular network where the
cell has N mobiles indexed by i = 1, 2, . . . , N . If the BS uses
all its resources, e.g., physical resource blocks in an OFDMA
network or time slots in a TDMA network, to serve mobile
i, the mobile would obtain a throughput Ri . Assume that the
mobiles are indexed such that R1 ≥ R2 ≥ · · · ≥ RN . The
BS can arbitrarily divide the resources among the mobiles;
if it allocates a fraction α of the resources to serve mobile
i, the mobile would obtain throughput αRi . We assume that,
in the base case, the resources are equally shared among the
mobiles. Thus, for each i, mobile i receives a throughput
Ri /N . However, the following analysis can easily be adapted
to an arbitrary allocation of resources.
Mobiles with good cellular links can aid to the network by
acting as hotspots and serve other mobiles. For example, in the
case of downlink communication, a hotspot can use its cellular

(2)

We assume that the hotspots constitute noninterfering WiFi
cells. This holds true if the hotspots are sufficiently far apart
or if they use disjoint frequency bands. The hotspots can
serve mobiles using either PCF or DCF modes of WiFi. In
PCF mode, the hotspot can allocate arbitrary fractions of airtimes (WiFi slots) to the connected mobiles. These fractions
determine the mobiles’ throughputs. For a mobile j to get
throughput Tj , its hotspot i must give it Tj /Wij fraction of
air-time. Clearly,
N
X
j=1:j6=i

aij

Tj
≤ 1, i = 1, . . . , N.
Wij

(5)

On the other hand, in DCF mode the nodes use distributed
CSMA-CA protocol for medium access. Here, all the mobiles
connected through the same hotspot receive equal throughput
that is limited by the least WiFi rate among all mobiles. More
precisely, for all hotspots i,
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Tj = PN

1

l=1

ail w1il

, ∀j 6= i such that aij = 1,

(6)

where wil ≤ Wil are the actual WiFi rates between hotspot i
and the mobiles.1
While DCF mode allows distributed access and is suitable for general hotspots, it is throughput-wise inefficient in
case of excessive backoffs. In our offloading setup, mobiles’
throughput requirements are prescribed and their association
is also regulated (through the optimization problems that we
formulate). Hence, a centrally optimized access mode, such
as PCF, is preferred. Moreover, forthcoming WiFi standards
also advocate centrally controlled medium access (e.g., Target
Wake Time in IEEE 802.11ah [1]). Hence, we primarily
consider PCF mode, i.e., constraints (5), in our analysis. We
briefly discuss the analysis of DCF mode and associated
complexities in Section V.

not serve any. According to [16], both the mobiles get equal
share of the BS’s resources. The authors in [16] also do not
consider any notion of fairness.
Time varying cellular and WiFi rates: We can account
for time varying rates by instantiating and solving a new
hotspot selection problem, after every few slots, when the rates
have changed noticeably. The proposed message passing based
solutions are distributed and quickly converge and hence suit
our need.
C. Reduction to Simpler Problems
We begin with the throughput optimization problem. We
show that it is equivalent to the following problem that has
only a = (aij , i, j = 1, . . . , N ) as decision variables.
P3 : minimize

We study the joint problem of BS resource allocation,
hotspot selection and mobile-hotspot association which together determine mobiles’ throughputs Ti s. In general, one
may want to optimize some utility function U (T1 , . . . , TN ) in
making decisions. Here, we focus on a particular notion that
maximize mobiles’ throughputs while ensuring that these are
in proportion to mobiles’ base throughputs Ri /N s - we call
it proportional increment optimization. In particular, we focus
on the following optimization

subject to

ξ

subject to

Rj
≤ 1, i = 1, . . . , N,
N Wij

(8)

The optimal objective value of this problem can be interpreted
as the least fraction of resources the BS needs to spend to meet
the base rate requirements of all the mobiles.
Lemma 2.1: The optimization problems P2 and P3 give rise
to same sets of solutions (aij , i, j = 1, . . . , N ). Furthermore,
for any solution a∗ of P3 , (a∗ , T ∗ , α∗ ), where
Rj
, j = 2, . . . , N,
N
X a∗ij Rj
αi∗ =
, i = 2, . . . , N,
N Ri
j
X
α1∗ = 1 −
αi∗ ,

Tj∗ =

j

Rj
, j = 1, . . . , N.
N
(1), (2), (3), (4), (5)

aij

Rj
,
N Ri

(1), (2)

Rj
, j = 1, . . . , N,
N
(1), (2), (3), (4) and (5)

Tj ≥

X
j6=i

Tj = ξ

The above optimization has a = (aij , i, j = 1, . . . , N ), α =
(αi , i = 1, . . . , N ), T = (Tj , j = 1, . . . , n) as decision
variables. This is a complex combinatorial optimization problem. Hence, we reduce it to a sequence of problems that are
relatively simpler to solve in Section II-C.
Throughput Optimization: We can consider the objective of
maximizing the aggregate throughput of all the mobiles subject
to each mobile receiving no less that its base throughput. Such
a solution is likely to be unfair but gives an estimate of the
maximum benefit of offloading.
X
P2 : maximize
Tj
subject to

aij

i=1 j=1

B. Problem Formulation

P1 : maximize

N X
N
X

(7)

The decision variables in the above optimization problem are
a, T and α. The authors in [16] have dealt with a problem
similar to ours. However, they do not account for WiFi
constraints such as (5) or (6). They also assume that the
BS’s resources are equally divided among all the mobiles that
directly connect to it. This can lead to highly disproportionate
resource sharing. To see this, consider a scenario where only
two mobiles connect to the BS, first of these act as a hotspot
and serves all the other mobiles where as the second one does
1 Actually, (6) gives an upper bound on the throughput of each mobile. This
expression well approximates the throughput for very high packet lengths and
has been widely used [12].

i≥2

and

T1∗

=

α1∗ R1

−

X a∗1j Rj
j≥2

N

,

is a solution of P2 .
Please refer [18] for the proof. Now, we consider proportional increment optimization as described by problem P1 .
Consider a solution a∗ to P3 and the corresponding optimal
value θ∗ . Define T ∗ = (Tj∗ = Rj /N, j = 1, . . . , N ) and
PN ∗
α∗ = (αi∗ =
j=1 aij Rj /N Ri , i = 1, . . . , N ). Recall that
∗
θ is actually the least fraction of the BS resources required
to serve all the mobiles’ base rates. However, we cannot
scale T ∗ and α∗ up by 1/θ∗ to get a solution to P1 as
(a∗ , T ∗ /θ∗ , α∗ /θ∗ ) may violate (8). We now present a way
to solve this problem.
PConsider P3 with constraint (8) replaced by
aij Rj /N Wij ≤ θ, i = 1, . . . , N, for some θ ≤ 1.
j6=i

Let P3θ denote the modified problem. Let a(θ) and γ(θ) be
the solution and objective value, respectively, of P3θ . γ(θ) is
a stepwise decreasing function and γ(θ) = θ may or may
not have a fixed point. Refer Fig. 3 for an illustration. We
propose an iterative algorithm (Algorithm 1) to obtain a
solution to P1 .
Let us define
R = (R1 , R2 , . . . , RN ),
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Algorithm 1
initialize k = 0, θ̄0 = 1, θ0 = γ(1),
¯
// K is the number of iterations.

while k ≤ K do
θ̃k =

θk +θ̄k
¯ 2 ,

n
o
θk+1 = max θk , min{θ̃k , γ(θ̃k )} ,
¯
n¯
o
θ̄k+1 = min θ̄k , max{θ̃k , γ(θ̃k )} ,
k =k+1

Fig. 2: S(θ) = bk ∀θ ∈ [bk , bk+1 ), where bk , k ≥ 1 are
successive jump points.

end while

αi (θ) =

N
X
aij (θ)Rj
j=1

and S(θ) = max
i

N Ri θ

, i = 1, . . . , N,

X aij (θ)Rj
j6=i

N Wij

.

Remark 2.1: For any θ, there should be unique a(θ) for
S(θ) to be well defined. In the following, we assume this to
be the case wherever we use S(θ). If there are multiple a(θ)
for some θ, we can define S(θ) to be minimum of the above
expression across all a(θ).
Lemma 2.2: The optimal value of P1 is 1/θ∗ ,
where θ∗ = min{θ : γ(θ) ≤ θ}.
Proof: We first show that 1/θ∗ is achievable. Recall
that
P aij (θ∗ )Rj
∗
∗
a(θ ) denotes the solution to P3θ . Clearly,
N Wij θ ∗ ≤
j6=i
P
1 and
αi (θ∗ ) ≤ 1. Also, a(θ∗ ) satisfies the constraints (1)
i

and (2). Thus, the optimal value of P1 is atleast 1/θ∗ .
Next, suppose ξ 0 > 1/θ∗ is the optimal value of P1 and
0
(a , T 0 , α0 , ξ 0 ) is an optimal solution. Clearly, a0 is also a
feasible solution to P3 with the right hand side of (8)
replaced by 1/ξ 0 and γ(1/ξ 0 ) ≤ 1/ξ 0 . But, since 1/ξ 0 < θ∗ ,
γ(1/ξ 0 ) > 1/ξ 0 leading to a contradiction. Therefore, 1/θ∗ is
the optimal value of P1 .
Remark 2.2: Define θ0 := sup{θ : γ(θ) ≥ θ}. In general,
∗
θ can be strictly less than γ(θ0 ). In that case 1/γ(θ0 ) is not
the optimal value of P1 .
Consider Fig. 2. Let bk , k ≥ 1 be successive jump points as
shown in the figure. Then, we have the following:
Lemma 2.3: If P3θ has unique solution for all θ ∈ [bk , bk+1 ),
then S(θ) = bk , ∀ θ ∈ [bk , bk+1 ).
Please refer [18] for the proof.
Theorem 2.1: (i) For all k ≥ 0, θ̄k ≥ θk , γ(θk ) ≥ θk and
¯
¯
¯
γ(θ̄k ) ≤ θ̄k .
(ii) θ̄k − θk , k ≥ 1 is strictly decreasing until it becomes zero.
However,¯ there exists a K such that both γ(θ̄k ) and γ(θk )
¯
converge in K steps.
∗
(iii) For any k ≥ K, if a(θ̄k ) is unique, then θ =
max{S(θ̄k ), γ(θ̄k )}, and a(θ̄k ) is an optimal association for
P1 . Moreover, if aij (θ̄k ) = 1, hotspot i serves mobile j
Rj
N Wij θ ∗ fraction of time.
Proof: (i) We prove the inequalities via induction.
Clearly, θ̄0 = 1 ≥ γ(1) = θ0 . Suppose θ̄k ≥ θk for some
¯
¯
k ≥ 0. Then
n
o
n
o
max θk , min{θ̃k , γ(θ̃k )} ≤ min θ̄k , max{θ̃k , γ(θ̃k )} ,
¯

(a)

(b)

Fig. 3: γ(θ) vs θ. In (a) for k ≥ K, S(θ̄k ) < γ(θ̄k ) and
θ∗ = γ(θ̄k ). In (b) for k ≥ K, S(θ̄k ) > γ(θ̄k ) and θ∗ = S(θ̄k ).
which proves the inequality for k + 1, thus completing the
induction step.
Next, since γ(θ) is nonincreasing, γ(θ0 ) ≥ γ(1) = θ0 .
¯
¯
Suppose γ(θk ) ≥ θk for some k ≥ 0. Also note that θ̃k ≥ θk .
¯
¯
¯
Now there can be three cases:
(a) γ(θ̃k ) ≥ θ̃k : In this case θk+1 = θ̃k , and so, the desired
inequality holds for k + 1.¯
(b) θk ≤ γ(θ̃k ) ≤ θ̃k : In this case θk+1 = γ(θ̃k ). Again,
¯using the fact that γ(θ) is nonincreasing,
¯
γ(θk+1 ) =
¯
γ(γ(θ̃k )) ≥ γ(θ̃k ) = θk+1 , which is the desired inequality
¯
for k + 1.
(c) γ(θ̃k ) ≤ θk ≤ θ̃k : In this case, θk+1 = θk . So there is
¯
¯
nothing to¯ prove.
Thus the inequality holds for all k. The last inequality can
also be shown similarly.
(ii) Clearly, θk+1 ≥ θk and θ̄k+1 ≤ θ̄k for all k ≥ 0. We
¯ one of
¯ the inequalities is strict for each k
show that at least
until θ̄k − θk = 0. For any such k, θk < θ̃k < θ̄k . Now, there
¯
¯
can be cases:
(a) γ(θ̃k ) ≥ θ̃k : In this case, θk+1 = θ̃k > θk .
¯
¯
(b) γ(θ̃k ) ≤ θ̃k : In this case, θ̄k+1 = θ̃k < θ̄k .
Thus ∆θk := θ̄k − θk goes arbitrarily close to zero. However,
notice that γ(θ) is¯ a stepwise decreasing function. Hence,
depending on the smallest step width (this is positive since
there are finitely many positive step widths) there exists a
threshold on ∆θk , and hence on k, beyond which variation in
θk and θ̄k do not affect γ(θk ) and γ(θ̄k ). This threshold on k
¯is referred to as K.
¯
(iii) From Lemma 2.3, S(θ) = min{θ0 : γ(θ0 ) = γ(θ)}.
From Fig. 3 if γ(θ) = θ has a fixed point, then for k ≥
K, S(θ̄k ) < γ(θ̄k ) and θ∗ = γ(θ̄k ). On the other hand, when
γ(θ) = θ does not have a fixed point, for k ≥ K, S(θ̄k ) >
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γ(θ̄k ) and θ∗ = S(θ̄k ). Thus, θ∗ = max{S(θ̄k ), γ(θ̄k )}. Also,
from part (ii) for∗k ≥ K, γ(θ̄k ) = γ(θ∗ ). Hence, a(θ̄k ), which
is feasible for P3θ is also optimal. Further, it is also an optimal
association for P1 . Also, from Lemma 2.2, each mobile j gets
R
a throughput of N θj∗ , which is obtained by hotspot i serving
Rj
mobile j for which aij (θ̄k ) = 1 for N θ∗ W
fraction of time.
ij
Remark 2.3: Observe that we do not know K in practice. Let θk = max(S(θ̄k ), γ(θ̄k )), for k ≥ 1. Then,
(a(θ̄k ), R/θk , α(θk )) is a feasible solution to P1 and yields
a value 1/θk for all k ≥ 1. In fact, numerical results suggest
that K ≤ 5 for the parameter values of interest, i.e., we get
the optimal solution of P1 in at most 5 iterations.
III. B ELIEF P ROPAGATION A LGORITHM
Observe that P3 is an instance of CFLP. Consider a
CFLP consisting of M facilities, F1 , F2 , . . . , FM , and N
customers, C1 , C2 , . . . , CN . The facilities have associated
opening costs, f1 , . . . , fM , and supply constraints (i.e., capacities), S1 , . . . , SM . The customers have demands denoted as
d1 , . . . , dN . A facility, if opened, can serve a set of customers
whose aggregate demand does not exceed the facility’s capacity. Finally, if a facility i serves a customer j, a service cost
gij is also incurred. The CFLP deals with the joint problem
of facility opening and allocation to the customers, with its
aim being minimizing the total cost. It can be expressed as
the following optimization problem.
XX
X
P4 : minimize
xij gij +
yi fi
i

subject to

X

j

i

xij = 1, j = 1, . . . , N

i

xij ≤ yi , i = 1, . . . , M, j = 1, . . . , N (9)
X
xij dij ≤ Si , i = 1, . . . , M
(10)

(a) the facilities and the customers constitute the nodes,
(b) there is an edge between every facility and every customer,
(c) for each facility Fi , the associated random variable is
the set valued variable representing the set of customers
served by Fi .
(d) for each customer Cj , the associated random variable
represents the facility serving Cj , i.e., it takes values in
{1, . . . , M }.
The joint distribution of the variables can be factored into
terms consisting of one or two variables (in the latter cases
the variables correspond to nodes that are connected in the
underlying graph). Further, the joint probability maximization (or, minimization) can be decomposed into optimization
of marginal probabilities, also called beliefs. An iterative message passing algorithm, called belief propagation is used for
efficient computation of these beliefs. The algorithm provably
converges to the correct beliefs in singly connected graphs but
has empirically shown excellent performance for many general
graphs also. The graph underlying CFLP clearly has many
loops. In this case, the joint distribution takes the following
form. For ψ1 , . . . , ψM ∈ 2[N ] and l1 , . . . , lN ∈ [M ],
p(ψ1 , . . . , ψM , l1 , . . . , lN )
Y
Y
Y
=Z
δCj ,Fi (lj , ψi )
βj (lj )
φi (ψi )
i,j

j

i

where

1,
δCj ,Fi (lj , ψi ) = 1,

∞,
gjlj
βj (lj ) = e
 fi
e ,
φi (ψi ) = 1,

∞,

if lj = i, Cj ∈ ψi
if lj 6= i, Cj ∈
/ ψi
otherwise
P
if 0 < q∈ψi diq ≤ Si
P
if
q∈ψi diq = 0
otherwise

j

xij , yi ∈ {0, 1}, i = 1, . . . , M, j = 1, . . . , N. and Z is the normalizing constant.
(11) B. Message Passing Algorithms
In P3 , the facilities and the customers come from the same
Now we describe the message passing algorithm for comset (in particular, M = N ),
putation and optimization of beliefs. In each iteration, all the
(
facilities send messages to all the customers and viceversa.
Rj
1
if j 6= i
Let mkCj →Fi be the message from customer Cj to facility Fi
gij = N Ri
fi = , i = 1, . . . , N,
N
0
if j = i,
at kth iteration:


(
Rj
k
k
m
(ψ),
ψ
⊂
[N
]
.
m
=
if
j
=
6
i
C
→F
C
→F
j
i
j
i
dij = N Wij
and
Si = 1, i = 1, . . . , N.
0
if j = i,
Similarly, let mkFi →Cj be the message from facility Fi to
Next, we present a belief propagation based algorithm for the customer Cj at kth iteration:


general CFLP, which we also use to solve P3 .
mkFi →Cj = mkFi →Cj (l), l = 1, . . . , M
Remark 3.1: In the absence of constraints (9), P4 becomes
the generalized assignment problem [27], whereas in the
absence of (10), it becomes UFLP [13]. The authors in [27] Let bkFi and bkCj be facility Fi ’s and customer Cj ’s belief
and [13] have proposed belief propagation based algorithms vectors, respectively, and akC be customer Cj ’s choice at the
j
for the respective problems. Those algorithms can be deduced end of kth iteration. Finally, for each facility Fi , let Fi be the
from our algorithm for CFLP.
collection of sets of customers that can be served by Fi :


A. The Graphical Model


X
We pose P3 as a joint probability maximization problem in
Fi = ψ ⊂ [N ] :
aij dij ≤ Si .


a pairwise Markov random field. A pairwise Markov random
j∈ψ
field consists of a graph, where each node is associated with
a random variable (please see [26] for the general model and
algorithm). For example, in CFLP,
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BP Algorithm
1) Initialization:
m0Cj →Fi = m0Fi →Cj = 0
2) Messages at kth iteration:
mkCj →Fi


X
(ψ) = min δCj ,Fi (l, ψ) 
mk−1



Fp →Cj (l)

l

+ glj 

p6=i

mkFi →Cj (l)


X

= min δCj ,Fi (l, ψ) 
mk−1
Cp →Fi (ψ) + fi 1{ψ6=∅}
ψ∈Fi

p6=j

3) Belief at kth iteration:
bkFi (ψ)

= fi 1{ψ6=∅} +

X

k
µk·→· = λµk−1
·→· + (1 − λ)µ̃·→· ,

mkCp →Fi (ψ)

where λ ∈ [0, 1) is the dampness parameter. A larger value of
λ increases computational stability (i.e., instances of convergence) but yields inferior solutions.

p

bkCj (l) = glj +

X

2) Damped Message Passing: Note that the above message passing algorithms are not guaranteed to converge. A
common approach to deal with message oscillations is to use
damped messages. In damped message passing, the updates
at each iteration are calculated from the messages of the
previous iteration exactly as before. But the new messages
are weighted averages of the old messages and updates.
More specifically, the damped version of the above simplified message passing algorithm works as follows. Suppose
k−1
{µk−1
Fi →Cj , µCj →Fi , i = 1, . . . , M, j = 1, . . . , N } are the
messages passed at (k − 1)th iteration (k ≥ 1). Also, let
{µ̃kFi →Cj , µ̃kCj →Fi , i = 1, . . . , M, j = 1, . . . , N } denote the
updates at kth iteration. These are functions of the messages
at (k − 1)th iteration and are given by the same expressions
as in Simplified BP Algorithm. However, the new messages
from any node to any other node are computed as follows

mkFp →Cj (l)

p

IV. O FFLOADING IN P RESENCE OF R ATIONAL M OBILES

4) Assignment at the end of kth iteration:
akCj = argmin{bkCj (l)}
l

1) A Simplified Algorithm: Note that the dimension of the
vector mkCj →Fi in the above algorithm is 2N (i.e., exponential
in N ). Also, to compute each entry for the message mkFi →Cj ,
one needs to compare up to 2N subsets of customers if facility
i has enough capacity to serve all the customers. Consequently,
the algorithm has exponential running time.
We now simplify the previous message passing algorithm
to a pseudo-polynomial one. In particular, the facilities and
customers send scalar messages in this algorithm.
Simplified BP Algorithm
1) Initialization:
µ0Cj →Fi = µ0Fi →Cj = 0
2) Messages at kth iteration:
µkCj →Fi = −gij − max(µk−1
Fl →Cj − glj )
l6=i


X

µkFi →Cj = max 
µk−1
Cp →Fi
ψ∈Fi :
j∈ψ

− max

A. Incentivizing Hotspots

p∈ψ:p6=j





max 

ψ∈Fi :
j ∈ψ,ψ6
/
=∅




X


µk−1
Cp →Fi , fi

p∈ψ

When mobiles become hotspots and serve other mobiles,
they spend resources (e.g., energy, memory etc.) Therefore
mobiles should have a rational basis for acting as hotspots.
This aspect can be modeled in several ways; following are a
few examples.
Each mobile that acts as a hotspot can be given added
throughput where the extra throughput is proportional to the
throughput that the tagged mobile offers to other mobiles.
We consider this scheme in Section IV-A. We show that the
resulting optimization problems have similar structure as those
in Section II-B.
In yet another framework, each mobile that becomes a
hotspot can be paid off in terms of free data usage in
proportion to the throughput that it delivers to other mobiles.
On the other hand, the mobiles may have utility for extra
throughput and may even pay of the same. Here, the mobiles
would be interested in optimizing their net payoffs. However,
we do not incorporate utilities for data usage and throughputs
in our framework, and do not pursue this viewpoint.





3) Belief at kth iteration:

Suppose each hotspot gets additional throughput that is a
factor η of the throughput that it delivers to other mobiles.
We can study both, throughput maximization and proportional
increment problems under this strategy. For example, the
throughput maximization problem will be same as problem
P2 with constraint (7) replaced by
X
Ri
Ti ≥
+η
aij Tj .
N
j6=i

b̃kCj (l) = glj − µkFl →Cj
4) Assignment at the end of kth iteration:
ãkCj = argmin{b̃kCj (l)}
l

For brevity, we omit the proof of equivalence of this
algorithm with the original one.

We can argue that it is equivalent to the following problem
that has only (a = (aij , i, j = 1, . . . , N ) as decision variables.
P5 : minimize

(1 + η)

XX
i

subject to

(1), (2), (8)

j6=i

aij

X
Rj
1
+
aii
N Ri
N
i
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In particular, a solution a∗ to this problem yields a solution
to the throughput maximization problem. This can be argued
as in Lemma 2.1. We omit the details for brevity.
V. O FFLOADING USING DCF
Solving for throughput optimal (or, fair) offloading using
DCF is a more complex problem. We focus on the throughput
maximization to illustrate the difficulty. We also show how the
problem can be converted to a relatively simpler mixed-integer
linear integer problem.
The throughput optimization problem can be expressed as:
X
P6 : maximize
Tj
j

subject to

Rj
, j = 1, . . . , N
N
(1), (2), (3), (4), (6)

Tj ≥

Notice that the rate constraints for DCF based access, given
by (6), are more complex than the corresponding constraints
for PCF based access. We now develop equivalent mixedinteger linear constraints. First, observe that the mobiles’ rates
must satisfy
1
, ∀i, j, i 6= j
(12)
aij Tj ≤ PN
1
l=1 ail Wil
which can be also written as
X
X 1
1
aij
ail
≤
+ (1 − aij )
Wil
Tj
Wil
l

(13)

l

Next, following the arguments similar to Lemma 2.1, we can
show that all the mobiles but the first one should be given their
least throughput. But under DCF, all the mobiles connecting
to the same hotspot must get equal throughput. Thus the
optimization problem can be written as
 X

X X aij
aii
ail Rl
minimize
+
max
l6=i
R
N
N
i
i
i
j6=i

subject to

(1), (2), (13),

where we set Tj = Rj /N in (13). Here, the objective function
is a nonlinear function. Let θi be the aggregate throughput
delivered by i to other mobiles. Then, the above objective can
also be expressed as
X θi
X aii
minimize
+
Ri
N
i
i


X
Rj
subject to θi ≥ 
ail 
− (1 − aij )B, ∀i, j, i 6= j,
N
l6=i

(1), (2), (13),
where B is large constant and Tj = Rj /N in (13).
Discussion: Clearly, optimal offloading using DCF is a
much more difficult problem than optimal offloading using
PCF. Moreover, notice that rate constraints (12) could be strict
inequalities for a few hotspots in the optimal solution. For any
such hotspot i, in view of (6), wij < Wij for at least a few
mobiles connecting to i. In other words, at least a few hotspots
and mobiles operate at less than their maximum feasible
rates (they can do so via appropriate choices of modulation

and coding schemes). This reemphasizes why DCF is not the
preferred mode of access for optimal offloading.
VI. P ERFORMANCE E VALUATION
We now illustrate performance of the proposed algorithms
and benefits of mobile assisted offloading through numerical evaluation. We assume that the mobiles’ base cellular
rates (Ri , i = 1, . . . , N ) are in the range 100 − 250Mbps.
On the other hand, WiFi rates between the mobiles and
the hotspots (Wij s) are considered to be in the range 50 −
100Mbps. We perform numerical evaluation for several values
of N , namely, N = 5, 10, 15, 20 and 25. For each N ,
we consider 100 sets of values of rates, and evaluate the
performance of the proposed algorithms and offloading for
each set of parameters. The rates for different mobiles and
for different evaluations are chosen to be independent and
uniformly distributed in the respective ranges. We now report
the average performance measures.
We first present the performance of the proposed message
passing algorithm. We use two values of the dampness parameter, λ = 0.7 and λ = 0.8. Table I shows the number of times
the damped message passing algorithm converges (out of 100
runs) and also shows the average errors in the objective value
at the limiting point compared to the optimal objective value.
Expectedly, the higher value of λ (i.e., λ = 0.8) increases the
chances of convergence and still gives satisfactory results.
In practice, one may not want to wait until the message
passing algorithm converges. We can rather terminate the algorithm if the objective function does not improve substantially
in a few successive iterations - this requires defining suitable
thresholds on differences of successive objective values. We
have found that such heuristics lead to quicker termination and
still yield satisfactory performance. In most of the instances
the message passing algorithm took less than 20-50 iterations
(depending on the values of N and λ) to converge and less
than 10 iterations to give satisfactory results.
We next focus on the benefits of offloading. Table II shows
the improvement in the aggregate throughput when we aim at
maximizing it. It also shows the average throughput improvement of each mobile when pursuing proportional increment
optimization. An interesting observation is that one does not
lose much in terms of the aggregate throughput while being
fair - per mobile throughput improvement in the proportional
increment case are of the same order as the maximum possible
throughput enhancement. We also see that, in either case, the
benefit of offloading increases with the number of mobiles.
Finally, we evaluate the mechanism of Section IV-A where
we incentivize the mobiles for acting as hotspots. Here, we
focus on aggregate throughput optimization. We see that as
the incentivization factor η increases, the improvement in the
average percentage gain diminishes but this degradation is not
substantial (see Table III). Even for η = 0.2, we observe
marked improvement in the average percentage gain.
N
No. of times
λ = 0.7 converged
% error
No. of times
λ = 0.8 converged
% error

5

10

15

20

25

100

98

90

71

68

2.84

3.18

2.45

1.24

0.85

100

99

96

92

90

5.43

4.07

3.74

2.83

2.06

TABLE I: Performance of the message passing algorithm.
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N
(a) % gain
in aggregate
throughput
(b) % gain
in mobiles’
throughputs

5

10

15

20

25

25.47

33.42

36.59

38.45

38.62

22.40

29.48

33.47

35.62

37.98

TABLE II: Benefit of offloading in (a) throughput optimization
and (b) proportional increment optimization.
N
η = 0.1
η = 0.2

5
24.86
23.89

10
32.61
31.03

15
35.68
33.75

20
37.58
35.55

25
38.15
36.66

TABLE III: Benefit of offloading while incentivizing hotspots.
N
Using MATLAB
intlinprog solver
Local
Using
search heuristic

5

10

15

20

25

20.20

30.41

—

—

—

18.93

25.98

28.81

29.91

30.58

TABLE IV: % gain in aggregate throughput for offloading
using DCF.
The performance of offloading using DCF is given in Table
IV. The corresponding optimization problem can be solved
using MATLAB intlinprog solver. We have shown results
for N = 5, 10, in Table IV but the solver takes excessively
long time for higher values of N . Thus we use a local search
heuristic to obtain an approximate solution to this optimization
problem [25]. Such a heuristic is used in [3] to solve a similar
but simpler access point association problem. This iterative
method is much faster than the MATLAB intliprog solver and
gives satisfactory results2 . As we expect, the average percentage gain in the aggregate throughput is lesser when compared
to the offloading using PCF. However, the performance gain
is still noticeable.
VII. C ONCLUSION
We have studied mobile assisted offloading in cellular
networks where mobiles are capable of acting as hotposts and
serving other mobiles. We have studied throughput optimal
offloading and also a fair offloading strategy which we call
proportional increment offloading.We show that the former
problem can be reduced to a capacitated facility location
problem (CFLP) whereas the latter can be solved by solving
a sequence of CFLPs (Theorem 2.1). Then, we have proposed a belief propagation based algorithm to solve general
CFLPs (Section III-B). This generalizes analogous algorithms
for generalized assignment problems and UFLPs. We have also
argued why DCF based WiFi access is not preferred for the
proposed offloading mechanism.
Our future work consists of investigating other notions of
fairness in the context of offloading. In particular, we will
focus on solution concepts from the theory of coalitional
games. We also plan to study properties of the proposed belief
propagation based algorithm.
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