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Abstract—We study the problem of interference management
in large-scale small cell networks. Each user equipment (UE)
needs to determine in a distributed manner when and at what
power level it should transmit to its serving small cell base
station (SBS) such that a given network performance criterion
is maximized subject to minimum throughput requirements by
the UEs. First, we propose a distributed algorithm for the UE-
SBS pairs to find a subset of weakly interfering UE-SBS pairs,
namely the maximal independent sets (MISs) of the interference
graph in logarithmic time (with respect to the number of UEs).
Then we propose a novel problem formulation which enables UE-
SBS pairs to determine the optimal fractions of time occupied
by each MIS in a distributed manner. We analytically bound the
performance of our distributed policy in terms of the competitive
ratio with respect to the optimal network performance, which
is obtained in a centralized manner with NP (non-deterministic
polynomial time) complexity. Remarkably, the competitive ratio
is independent of the network size, which guarantees scalability
in terms of performance for arbitrarily large networks. Through
simulations, we show that our proposed policies achieve signifi-
cant performance gains (up to 390%) over the existing policies.

I. INTRODUCTION

Dense deployment of low-cost heterogeneous small cells
(e.g. picocells, femtocells) has become one of the most ef-
fective solutions to accommodate the exploding demand for
wireless spectrum [1]. The success of it depends crucially
on interference management by the small cells. Efficient
interference management in distributed large-scale small cell
networks is more challenging [1] due to the lack of central
coordinators, compared to that in traditional cellular networks.

In this work, we propose a novel framework for designing
interference management policies in the uplink of small cell
networks, which specify when and at what power level each
user equipment (UE) should transmit'. Our proposed design
framework and the resulting interference management policies
fulfill all of the following three important requirements. First,
effective policies should deal with significant heterogeneity of
small cell networks, which is caused by the differences in cell
sizes (e.g. pico/femtocells), numbers of UEs served, through-
put requirements by the UEs and network performance criteria.
Second, effective policies should avoid strong interference
among neighboring cells, while exploiting the weak inter-
ference among non-neighboring cells by spatial reuse. The
proposed policies achieve interference avoidance and spatial
reuse by scheduling maximal independent sets (MISs)? of the

! Although we focus on uplink transmissions in this paper, our framework
can be easily applied to downlink transmissions.

2Consider the interference graph of the network, where each vertex is a
UE-SBS pair and each edge indicates strong interference between the two
vertices. An independent set (IS) is a set of vertices in which no pair is
connected by an edge. An IS is a MIS if it is not a proper subset of another
IS.

interference graph to transmit in each time slot. Third, the
policies should be computed and implemented in a distributed
manner, and should be scalable, i.e. achieve efficient network
performance with low computational complexity. Next, we
summarize our key contributions.

1. We propose a distributed method for the UEs to determine
a subset of MISs such that each UE belongs to at least one
MIS in the subset. Moreover, the subset can be generated in
logarithmic time (logarithmic in the number of UEs in the
network) for bounded-degree interference graphs °, which is
significantly faster than the time (linear or quadratic in the
number of UEs) required by existing works [2] [3].

2. Given the computed subsets of MISs, we propose a
distributed algorithm in which each UE determines the optimal
fractions of time occupied by the MISs with only local
message exchange among neighbors in the interference graph.

3. Remarkably, we prove that the proposed distributed
policy achieves a competitive ratio that is independent of the
network size, with respect to the optimal network performance.
Note that the optimal network performance can only be ob-
tained in a centralized manner with global information (e.g. all
the UEs’ channel gains, maximum transmit power levels) and
NP complexity, while our policy is computed in a distributed
manner in polynomial time using only local information.
Moreover, through simulations, we show significant (up to
390%) performance gains over exisiting policies.

The rest of the paper is organized as follows. In Section II
we discuss the related works and their limitations. We describe
the system model in Section III. Then we formulate the
interference management problem in Section IV. We propose
the design framework in Section V, and demonstrate the
performance gain of our proposed policies in Section VI.
Finally, we conclude the paper in Section VIIL.

II. RELATED WORKS

In this section, we will describe the related works and their
limitations.

A. Distributed Interference Management Based on Power
Control

Policies based on distributed power control, with repre-
sentative references [4]-[11] have been used for interference
management in both cellular and ad-hoc networks. In these
policies, all the UEs in the network transmit at a constant
power all the time (provided that the system parameters remain

3Bounded degree graphs are the graphs whose maximum degree can be
bounded by a constant independent of the size of the graph, i.e. A = O(1).



the same)*. The major limitation of policies based on power
control is the difficulty in providing minimum throughput
guarantees for each UE, especially in the presence of strong
interference. Some works [4], [5], [7] use pricing to mitigate
the strong interference. However, they [4], [5], [7] cannot
strictly guarantee the UEs’ minimum throughput requirements.
Indeed, the low throughput experienced by some users, caused
by strong interference, is the fundamental limitation of such
power control approaches - even the optimal power control
policy obtained by a central controller [12], [13] can be inef-
ficient 3. Since strong interference is very common in dense
small cell deployments (e.g. in offices and apartments where
SBSs are installed close to each other [15]), more efficient
policies are required which can guarantee the individual UEs’
throughput requirements. Also, there exist a different strand of
work based on [16] which proposes a distributed algorithm to
achieve the desired minimum throughput requirement for each
UE. However, these works cannot optimize network perfor-
mance criterion such as weighted sum throughput, minimum

average throughput etc. and hence are suboptimal.
B. Distributed Spatial Reuse Based on Maximal Independent

Sets

An efficient solution to mitigate strong interference is
spatial reuse, in which only a subset of UEs (which do
not significantly interfere with each other) transmit at the
same time. Spatial Time reuse based Time Division Multiple
Access (STDMA) has been widely used in existing works on
broadcast scheduling in multi-hop networks [2], [3], [171°.
Specifically, these policies construct a cyclic schedule such
that in each time slot an MIS of the interference graph is
scheduled. The constructed schedule ensures that each UE is
scheduled at least once in the cycle.

In terms of performance, STDMA policies [2], [3], [17]
cannot guarantee the minimum throughput requirement of
each UE, and usually adopt a fixed scheduling (i.e. follow a
fixed order in which the MISs are scheduled), which may be
very inefficient depending on the given network performance
criteria. For example, the policies in [3] are inefficient in
terms of fairness. In terms of complexity, for the distributed
generation of the subsets of MISs, the STDMA policies in
[2], [3], [17] require an ordering of all the UEs, and have
a computational complexity (in terms of the number of steps
executed by the algorithm) that scales as O(|V])) (in [3], [17])
or O(|V||E])) (in [2]), where |V| and |E| are the number
of vertices/UEs and the number of edges in the interference
graph, respectively. Hence, in large-scale dense deployments,
the complexity grows superlinearly with the number of UEs,
making the policies difficult to compute. By contrast, our

4 Although some power control policies [4], [S], [7] go through a transient
period of adjusting the power levels before the convergence to the optimal
power levels, the users maintain constant power levels after the convergence.

5In the case of average sum throughput maximization given the minimum
average throughput constraints of the UEs, the power control policies are
inefficient if the feasible rate region is non-convex [14] .

%These works [2], [3], [17] do not have the exactly same model as in our
setting. However, these works can be adapted to our model. Hence, we also
compare with these works to have a comprehensive literature review.

proposed distributed algorithm for generating subsets of MISs
does not require the ordering of all the UEs, and has a
complexity that scales as O(log |V]), namely sublinearly with
the number of the UEs, for bounded-degree graphs.’

Finally, the STDMA policies in [2], [3], [17] are designed
for the MAC layer and assume that all the UEs are ho-
mogeneous at the physical layer. In practice, different UEs
are heterogeneous due to their different distances from their
SBSs, their different maximum transmit power levels, etc.
This heterogeneity is important, and will be considered in our

design framework.
C. Distributed Power Control and Spatial Reuse For Multi-

Cell Networks

As we have discussed, the works in the above two categories
either focus on distributed power control in the physical
layer [4], [5], [7] or focus on distributed spatial reuse in the
MAC layer [2], [3], [17]. Similar to our paper, some works
(representative references [18]-[22] ) adopted a cross-layer
approach and proposed distributed joint power control and
spatial reuse for multi-cell networks. However, although these
works schedule a subset of UEs to transmit at the same time,
the subset is not the MIS of the interference graph [20], [21].
For example, the policies in [20], [21] schedule one UE from
each small cell at the same time, even if some UEs are from
small cells very close to each other. In this case, the UEs will
experience strong inter-cell interference. Hence, the works in
[20], [21] cannot perfectly eliminate strong interference from
neighboring cells and exploit weak interference from non-
neighboring cells. Moreover, the works in [18]-[22] cannot
provide minimum throughput guarantees for the UEs.

III. SYSTEM MODEL
A. Heterogeneous Network of Small Cells

We consider a heterogeneous network of K small cells
operating in the same frequency band® (see Fig. 1), which
represents a common deployment scenario considered in prac-
tice [7]. Note that the small cells can be of different types
(e.g. picocells, femtocells etc.) and thereby belong to different
tiers in the heterogeneous network. Each small cell j has
one SBS, (SBS-j), which serves a set of UEs under a closed
access scenario [7]. Denote the set of UEs by U = {1, ..., N}.
We write the association of UEs to SBSs as a mapping
T:{1,..,N} — {1,.., K}, where each UE- is served by
SBS-T'(7). We focus on the uplink transmissions; the extension
to downlink transmissions is straightforward when each SBS
serves one UE at a time (e.g. TDMA among UEs connected
to the same SBS).

Each UE-¢ chooses its transmit power p; from a compact set
P; C R;. We assume that 0 € P;, Vi € {1,..., N}, namely
any UE can choose not to transmit. The joint power profile of

7 As will be shown in Theorem 5, for graphs which are not bounded degree
graphs, even a centralized solution based on all the MISs cannot satisfy the
minimum throughput requirements.

80ur solutions will be based on spatial time reuse assuming every UE uses
the same frequency. Our solutions can be extended to spatial frequency reuse,
where we let different MISs operate in non-overlapping frequency bands.
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Figure 1. Illustration of a heterogeneous small cell network.

all the UEs is denoted by p = (p1,....,px) € P = IV, P;.
Under the joint power profile p, the signal to interference and
noise ratio (SINR) of UE-¢’s signal, experienced at its serving

SBS-j = T'(i), can be calculated as 7;(p) = —x— 22— |

> gkjpeto;
k=1 ki

where g;; is the channel gain from UE-i to SBS-j, and O'JQ» is
the noise power at SBS j. The UEs do not cooperate to encode
their signals to avoid interference, hence, each UE and its
serving SBS, referred to as UE-SBS pair, treat the interference
from other UEs as white noise. Each UE-¢ gets the following
throughput [20], 7;(p) = logy (1 +7i(p))’.
B. Interference Management Policies

The system is time slotted at ¢ = 0,1,2..., and the UEs are
assumed to be synchronized as in [20]. At the beginning of
each time slot ¢, each UE-7 decides its transmit power p§ and
obtains a throughput of r;(p*). Each UE i’s strategy, denoted
by m; : Zy = {0,1,..} — P;, is a mapping from time ¢ to a
transmission power level p; € P;. The interference manage-
ment policy is then the collection of all the UEs’ strategies,
denoted by w = (my,...,mn). The average throughput for

T

UE i is given as R;(w) = limp_ oo ﬁ > ri(pt), where
=0

pt = (mi(t),...,mn(t)) is the power profile at time t. We
assume the channel gain to be fixed over the considered time
horizon as in [20].

A policy based on power control discussed in Subsection
??, [4] [7] is defined as w"s'(t) = p for all ¢, where
p € P. As we have discussed before, our proposed policy
is based on MISs of the interference graph. The interference
graph G has N vertices (See Fig. 1), each of which is one
of the N UE-SBS pairs. There is an edge between two
pairs/vertices if their cross interference is high (rules for
deciding if interference is high will be discussed in Section
V) and let there be M edges in the graph. Note that to refer to
a vertex we will use UE-SBS pair/UE interchangeably. Given
an interference graph, we write I = {I3,...,In,,, s} as the
set of all the MISs of the interference graph. Let pi be a
power profile in which the UEs in the MIS I; transmit at their
maximum power levels and the other UEs do not transmit,

9We use the Shannon capacity here. However, our analysis is general and
applies to the throughput models that consider the modulation scheme used.

A

namely pr = pi*® = maxP if £k € I; and p, = 0
otherwise. Let PMIS = {pli . pIvurs} be the set of all
such power profiles. Then 7 is a policy based on MIS if
mw(t) € PMIS for all ¢t and the set of all such policies is
OMIS = (g . 7, — PMISY,

IV. PROBLEM FORMULATION
A. The Interference Management Policy Design Problem

We aim to optimize a chosen network performance cri-
terion W (Ry(w),...., Ry (7)), defined as a function of the
UEs’ average throughput. We can choose any performance
criterion that is concave in Ry (), ...., Ry (7). For instance,
W can be the weighted sum of all the UEs’ throughput,
. N i N .
ie) o, wiRi(m) with ;" w; = 1 and w; > 0, minimum
average throughput achieved by any user i.e. min; R;(7) etc.

The policy design problem can be then formalized as follows:
Policy Design Problem (PDP)
W (Ry(m), ..., Ry (7))

subject to  R;(mw) > R™™, Vi€ {1,..,N}

The above design problem is very challenging to solve
even in a centralized manner (it is NP-hard [23] when the
performance criterion is sum throughput, even when we re-
strict to policies based on power control w¢°"$t). Denote the
optimal value of the PDP as Wgy. Our goal is to propose
distributed interference management policies, that achieve a
constant competitive ratio with respect to Wopy, with the
competitive ratio independent of the network size. We achieve
our goal by focusing on policies based on MISs IIM /S among
other innovations that will be described in Section V.

V. DESIGN FRAMEWORK FOR DISTRIBUTED
INTERFERENCE MANAGEMENT

A. Proposed Design Framework

max,

Our proposed design framework (See Fig. 2) consists of four
steps. In Step 1, each UE-SBS pair identifies UE-SBS pairs
which interfere with it strongly. In Step 2, the UE-SBS pairs
determine a subset of MISs in a distributed fashion, such that
each UE-SBS pair belongs to at least one MIS in the subset.
In Step 3, each UE-SBS pair determines the optimal fraction
of time allocated to each MIS found in Step 2 in a distributed
fashion (The optimal fraction depends on the performance
criterion.). In Step 4, UE-SBSs determine the cycle length and
the number of slots taken by each MIS, based on the optimal
fractions of time computed in Step 3. Next, we describe the
four steps in detail.

Step 1. Identification of the interfering neighbors: Each
UE-SBS pair obtains a local view (i.e. its neighbors) of the
interference graph using distributed methods that either use
local measurements of Received Signal Strength (RSS) [24]
or use locations of the UE-SBSs in the geographical proximity
to identify another pair [25] as interfering or not. If a UE-SBS
pair is identified by another pair as interfering, then the two are
connected by an edge in the interference graph. Each UE-SBS
pair is informed by another pair if it identifies it as interfering
through the back-haul network/X2 interface, which is used for
inter-cell interference coordination (ICIC) [26].
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Each UE identifies Distributed generation of MISs:
the interfering UE- | each UE executes Phase 1 and 2

SBS pairs. to identify the MISs it belongs to.

(Theorem 1)

Each UE executes the procedure in
—| Table I, to arrive at the optimal
fraction of time allocated to each
MIS. (Theorem 3 and 4)

Step 3. Step 4.
Each UE computes the cycle
—| length and the duration of each

MISin the cycle.

Figure 2. Steps in the Design Framework.

Step 2. Distributed generation of MISs that span all
the UEs: In Step 2, the UE-SBS pairs generate a subset of
MISs in a distributed fashion. It is important that the generated
subset spans all the UEs, namely every UE is contained in
at least one MIS in the subset. Otherwise, some UEs will
never be scheduled. The distributed algorithm is comprised of
two phases: first, distributed coloring of the interference graph
based on [27], and second, extension of the color classes to the
MISs. We assume that all the UEs are synchronized and carry
out their computation simultaneously (i.e. not sequentially).
We now explain the algorithm in detail. The pseudo-code can
be found in Tables II and III given at the end.

Phase 1. Distributed coloring of the interference graph:
The goal of this phase is to let each UE—: choose a color
from C? = {1,..H} N {1,..,d; + 1}, such that no neighbors
choose the same color. Here H' is the maximum number of
colors given to all SBSs at the installation and d; is the degree
(number of neighbors in the interference graph) of i*" pair.

The distributed coloring works as follows. At the beginning
of each time slot ¢, each UE-i chooses a color from the set of
remaining colors C! randomly, and informs its neighbors of
its tentative choice. This information can be transmitted using
the back-haul network/X2 interface. If the tentative choice of
the UE does not conflict with any of its neighbor, then it fixes
and confirms the color choice, informs the neighbors of the
confirmation and will not contend for colors any further in
Phase 1. The neighbors delete the color chosen by 7 from their
lists C**1,Vj € N (i), where N/ (i) is the set of 4’s neighbors.
On the other hand, if there is a conflict then the UE does not
choose that color and repeats the same procedure in the next
time slot. There are [¢; logé N + 1 time slots in Phase I,
known to the SBSs at installation where ¢y is the parameter
given by the protocol. Phase 1 is successful if all the UEs
acquire a color which implies that the set of color classes (i.e.
the set of UEs with the same color) obtained span all the UEs.

Phase 2. Extending color classes to the MISs: Each color
class obtained at the end of Phase 1 is an independent set (IS)
of the graph. In Phase 2, we extend each of these ISs to MISs
and generate additional MISs in this step. Note that after Phase
1, each UE has chosen one color and deleted some colors from
its list. But there may still be remaining colors in its list that
are not acquired by any of its neighbors. The goal of Phase
2 is to utilize these remaining colors. At each time slot in

10The maximum number of colors H should be set to be larger than the
maximum number of UE-SBS pairs interfering strongly with any UE-SBS
pair. The SBSs can determine H according to the deployment scenario. H
in general will also include the number of UEs that use the same SBS who
interfere with each other along with the other neighboring UEs. For example,
H can be 10-15 in an office and can be 3-5 in a residential area.

Phase 2, UE-i chooses each color from the remaining colors
in its list independently with probability c. Each UE-i then
sends this set of its tentative choices to its neighboring UEs,
and receives its neighbors’ choices. For any tentative choice
of color, if there is a conflict with at least one neighbor, then
that color is not fixed; otherwise, it is fixed. At the end of
each time slot, each UE deletes its set of fixed colors from its
list, and transmits this set of fixed colors to its neighbors, who
will delete these fixed colors from their lists as well. Hence,
a UE deletes a particular color, if and only if this UE itself
or some of its neighbors have chosen this color. Based on this
key observation, we can see that if a color is not in any UE’s
list, the set of UEs who have chosen that color is a MIS. If
all the UEs have an empty list, then for any color in the set
{1,...,H}, the set of UEs with this color is a MIS. There
are [colog, N+ 1 time slots in Phase 2, known to SBSs at
installation, where x = W, and ¢, is the parameter
given by the protocol. We say that Phase 2 is successful, if it
finds H MISs, equivalently, if all the UEs have an empty list
after [colog, N1 + 1 time slots.

Example: Fig. 3 shows the interference graph of a network
of 5 UE-SBS pairs. At the start, each UE-SBS pair has a list
of 3 colors, {Red, Yellow, Green} to choose from. At the end
of Phase 1, which runs for P1 = [¢; log% 5] time slots, UEs
2,3 acquire Yellow, UEs 4,5 acquire Red and UE 1 acquires
Green. UEs 2,3 delete all the colors from their list of remaining
colors, as Yellow is acquired by them and Red, Green by their
neighbors. UE 1 also deletes all the colors, since its neighbors
use Yellow and Red, but UE 4(UE 5) has Yellow(Green) color
in its list. At the end of Phase 1, Red color class is MIS, while
Yellow and Green are not. At the end of Phase 2, which runs
for P2 = [cplog, 5] + 1 time slots, UE 4 (UE 5) acquires the
remaining color Yellow (Green). At the end of Phase 2, the
color classes Green and Yellow are MISs. Next theorem shows
that the Phase 1 and 2 are successful with a high probability.

Theorem 1. For any interference graph with the maximum
degree A < H—1, the phase 1 and 2 of the proposed algorithm
output a set of H MISs spanning all the UEs in ([¢; loga N 1+
[c2log, N+ 2) time slots with a probability no smaller than
(1— ﬁ)(l — ﬁ), where c;, ¢y are design parameters
that trade-off run time and the success probability.

Proof 1: The success probability of Phase 1 is high, (1 —
ﬁ) (lower bound), (see [27] for detail), here we analyze
Phase 2.

We first show that, if the list of remaining colors given as,
C1} is empty at n > [c1logs N+ [c2log, N + 2 and if
this holds Vi € {1,..., N} then the Phase 2 has converged
to a set of H MISs which span all the UEs. Let us assume
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Figure 3. Illustration of the distributed generation of MISs in Step 2.

otherwise, i.e. C'1? is empty Vi € {1, ..., N} however, the set
corresponding to some color h € {1,..., H}, I;L is not a MIS.
I ,; has to be an IS. Assume otherwise, i.e. I,,L is not an IS,
which implies that there must exist a pair of UEs, ¢ and j,
which are neighbors and are a part of [ ,; If this is true then
both then both acquired the color h either in the same time
slot or in different time slots, in Phase 1 or 2. In case the
color is acquired in different time slots, then after the first
time slot when either of the UEs in the pair acquires the color
it will transmit the final color choice, h to the neighbors (see
Table II and III) who in turn delete that color. However, if the
color is deleted by the neighbor then it cannot acquire it in the
future thus, ruling out the case that the colors were acquired
in two different time slots. If the color was acquired by the
UEs in the same time slot, then it implies that despite the
conflict in tentative choice the UEs acquire the color which is
not possible (see Table II and III). This shows that I ,/L is an
IS.

Since I,/l is not maximal then 3 at least one UE-j & [ ];
which can be added to this set without violating independence.
From the assumption, we have C'17 = ¢ which implies that
the color i was deleted at some stage from the original list
of all the colors either in Phase 1 or 2. The deletion of h was
a result of that color being acquired finally by at least one of
the neighbors k € N () since j & I,;. In that case, j cannot
acquire h as it will violate the independence property.

Next, we show that indeed the list of all colors available
C17 is empty at the end of Phase 2 with a high probability.
Let U™ correspond to the number of UEs which have a non-
empty list at the beginning of time slot n and, let Tn(U™)
correspond to the total time needed before all the UEs have
an empty list. The probability that a UE at time slot n with
a non-empty list will have an empty list in next time slot is
always greater than ¢ (1 — ¢)H”. This can be explained as, if
the UE chooses all the colors in the list assuming (worst case
H number of colors remain) and all the neighbors (worst case
H neighbors) do not choose any color, then all the colors in
the UE’s list will be deleted. From this, we get E(U™t!) <
(1—-cH(1 —C)HQ)U" = %U” and Tn(U™) = 1+Tn(U™1).
Assuming that the Phase 2 will start with N UEs whose list
are non-empty (worst case) and from [28] we get P(Tn(N) >

[c2log, NT) < 5=t This gives the lower bound on success

probability of Phase 2 and thereby the result in the Theorem.
(Q.E.D)

Theorem 1 characterizes the performance of our proposed
algorithm, in terms of the run time of the algorithm and the
lower bound of the success probability. When the parameters
c1 and co are chosen to be large, the lower bound of the success
probability increases at the expense of a longer run time. When
the maximum degree of the interference graph is larger, we
need to set a higher H, which results in a longer run time. This
is reasonable, because it is harder to find coloring and MISs
when the number of interfering neighbors is higher. Finally,
we can see that the lower bound of the success probability
is very high even under smaller ¢; and cy, especially if the
number of UEs is large. Note that the exact success probability
should depend on the probability c, while the lower bound in
Theorem 1 does not.

Step 3. Distributed computation of the optimal fractions
of time for each MIS: Let the set of MISs generated in Step 2
be {I},...,I;;}. Here, the UE-SBS pairs compute the fractions
of time allocated to each MIS in a distributed manner.

Note that when an MIS is scheduled, the UEs in this MIS
transmit at their maximum power levels, and the other UEs
do not transmit. Define R¥ as the instantaneous throughput
obtained by UE ¢ in the MIS I,;, which can be calculated

1
giT(i)pik
7

as: log, (1 + ), where p{’“ = p"e® if

Z}Vzl,r;éi QTT(i)Pik +‘7%(i)
(< I,; and pf’“ = 0 otherwise. To determine RF, the UE
needs to know the accumulative interference it experiences
when transmitting in 1, ,; This can be done by having an initial
cycle of transmissions by the MISs, i.e. UEs in MISs, in the
order of the indices (i.e. the order of their colors), in which
the SBSs of the UEs can measure the received SINR.

From now on, we assume that the network performance
criterion W (y) is concave in y and is separable, namely
W (y1,..yn) = Zfil W;(y;). Examples of separable criteria
include weighted sum throughput and proportional fairness.
Note that our framework can be extended to deal with min-
imum average throughput, although it is not separable (see
the discussion in Appendix at the end). Then the problem of
computing the optimal fractions of time for the MISs becomes:



Coupled Problem (CP)
N H
, k
max Zi:l V[/l(z:k=1 arRY)
: N min -
subject to Zi:l arRF > R™™ Vie {1,..,N}
H

> ap =100 >0,Vk € {1,., H}

Since ffaciq UE ¢ knows only its own utility function W; and
its minimum throughput requirement R7*", it cannot solve
the above problem by itself directly. To be able to solve the
problem, each UE-i computes a local estimate of the fractions
of time allocated to all the MISs (including those that do not
include UE-7). Denote UE-i’s local estimate of the fraction
of time allocated to MIS I,; by BF. We impose an additional
constraint that all the UEs’ local estimates are the same, such
that they reach to consensus. Such a constraint is still global,
because any two UEs, even when they are not neighbors and
far away from each other, need to have the same local estimate.
Hence, global message exchange among any pair of UEs is
needed to solve CP, which is not allowed.

Now we reformulate the CP into a decoupled problem
(DP) that involves only local coupling among the neighbors
and that can be solved by Alternating Direction Method of
Multipliers (ADMM) [29]. If UE ¢ and [ are connected by
an edge (i,1) then for each set I, define 0,1 = B and
0,1, = —B{- Note that these auxiliary variables are intro-
duced to formulate the problem into the ADMM framework
[29]. Define a polyhedron for each i, 7; = {B;|s.t. 1*3; =
1,8; > 0, R;8; > R™"}, here B; = (B},...,8) and
R; = (R!,..,RM) and () corresponds to the transpose.
Let 8 = (B1,..,8N) € T, where T = Hﬁilﬁ and
][] corresponds to the Cartesian product of the sets. Also,
let B = (BY,..,B%),Vk € {1,..,H}. Define another
polyhedron 9’(“”) = {(9@71)2.,9@7[)1) GZJ)i + 0@',1)1
0, =1 < 60, < 1,Vs € {i,1}}, ©F = H(i,l)eE.G@‘,l)
here E = (ey,..epr) is the set of all the M edges in the
interference graph. A vector 8% € ©% is written as 8% =
(05172(61)’ oglat(el)’ " QSM.,Z(,@M)’ 95A{7t(5]\/1))’ h?r(i' z(eq), t(es)
correspond to the vertices in the edge, e;. Similarly define,
6 =(6,...,67) c ©, where © = [[;_, OF.

Decoupled Problem (DP)
mingeroco — X1y Wi(Ri'B))
subject to D*BF — 9% =0, Vk € {1,..,H}

Here, D* € R2M*N is a matrix in which each row has
exactly one non-zero element which is 1 or —1. Each element
of the matrix, ijj is evaluated as follows, the index v can be
uniquely expressed in terms of quotient ¢ and the remainder
was v = 2q +w, and if j # z(eqt1), j # t(eq+1) then
Df; =0.1f w =1, j = z(eq41), then Df; =1 else if w =
0, ) = z(eq41) then DF; = 0. Also, if w =0, j = t(eq41),
then Df; = —1 else if w =1, j = t(eg41) then D}; = 0.

Theorem 2: For any connected interference graph, the
coupled problem is equivalent to the decoupled problem.

Proof 2: The two problems which are introduced to transit

from CP to DP are,
Global Primal Problem (GPP)

H N
max Zk:l Wi(zi:1 ﬂszf)
S BERE > R Vi€ {1,..., N}
S B =1,Vie{1,..,N}

BE =Bk, Vi#l,Vke{l,. H},
Bk >0,Vie{l,.,N}Vke{l,. H}

The second problem, Local Primal Problem (LPP) is the
same as GPP except we choose a subset of the constraints from
the above problem. Basically, instead of an equality constraint
between the UE’s estimate and every other UE in the network,
we only keep the equality constraints between the UE and its
neighbors, i.e. 8 = BF, Vk € {1,..., H},Vl € N(i). This is
formally stated below:

subject to

Local Primal Problem (LPP)
max 3,0, Wi(S0L, BFRE)
S BERE > Rin Vi€ {1,...,N}
S BF=1,Vie{1,..,N}

BF = BF, VI & N(i),Vk € {1,..., H},
BE>0,Vie{l,..,N},Vke{l,..H}

subject to

To show that problems CP and GPP are equivalent, we need
to show that from 8* = (B7,.., 3% ), an optimal argument
of GPP, we can obtain an optimal argument of CP, i.e. a*
and vice versa. Since (3* is the optimal value (assuming
feasibility) we know that 3} = B}‘ (component-wise) holds
Vi, j € {1,..., N}.

a)Let o = BF. o satisfies the constraints in CP. The
objective of CP at o’ attains the optimal value of GPP. We
need to establish that o’ is indeed the optimal argument of
CP. Assume that «is not the optimal value, then there exists
another a® which is indeed the optimal. Next, using o™, we
can obtain another ﬁ/as follows, 5'1 = a*and ﬁ; = ,6'1, Vi €
{1, ..., N}. The objective of GPP at B should be higher than
B* which contradicts 3* being the optimal argument. Note that
if either of CP or GPP is infeasible then the other problem can
be shown to be infeasible as well. On the same lines we can
show that from an a* we can obtain 3* as well.

b). Let a* be the optimal solution to CP, and define ﬁ“a
solution to GPP as follows. Let Blll = a* and ,8;' = 6;-', Vj #
1 and since o™ satisfies the constraints of CP, i.e. it is feasible,
implies that B" as well satisfies constraints of GPP. We want
to show that ,6'“is the optimal value as well, assume that it is
not and there exists an argument 3* for which the objective
takes a higher value. If this is the case then, from B* we
can construct a o as in part a). which, if 3* takes a higher
value than B", takes a higher value than a* thus, contradicting
optimality.

To show that GPP and LPP are equivalent, we use the
following fact, since LPP consists of a subset of the con-
straints then the solution of LPP is an upper bound of the
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Figure 4. Problems used to transit from the Coupled Problem (CP) to
Decoupled Problem (DP).

solution to GPP. We need to show that the gap between
the solution of LPP and GPP is always 0. Note that for an
optimal solution of LPP, v* = (~7,..,7x) we know that
vi = 7 Vj € N(i) (component-wise). If we can show
that v/ = 7 Vj € {1,..., N} then LPP and GPP will be
equivalent, since it will also satisfy all the constraints of
GPP. Assume that this does not hold then 34, j such that
i # ;- Since, the interference graph is connected 3 a path
i — j = {i1,...,is} which implies, v/ = ~;,... = ;. This
leads to a contradiction, thereby establishing the claim.

Lastly, to show that DP is equivalent LPP. Given ~*, define
k =~*and a 8 = (0%,...,0%) to satisfy D*k* — 6% =
0,Vk € {1,..,H}, where k¥ = (v, .., v5"). It can be
shown using the same approach as we did for GPP and CP
that (k,0) is indeed optimal argument for DP. Assume that
(k,0) is not the optimal solution then we know that there
exists (k*,0*) for which the objective in DP takes a h1gher
value. If this is the case, let us define ’y = K*, here 'y
satisfies the constraints in LPP. Also, since the ObjeCtIVC in
DP at (k*,0*) takes a higher value than that at (k, @), this
yields that the objective in LPP at fy'should take a higher
value than that at v*, which contradicts optimality of v*. On
the same lines, it can be easily shown that from (k*, 0*) we
can construct the optimal solution v* of the LPP. This, will
establish equivalence between LPP and DP. Hence, all the four
problems are equivalent. This is shown in Fig. 4.

(Q.E.D)
The above theorem is important, because it shows that the
CP, which cannot be solved without global information and
global message exchange, is now transformed into an equiva-
lent problem, DP which can be solved by ADMM with local
message exchange. We denote the optimal solution to the DP
by ngstribmd and corresponding optimal argument, i.e. frac-
tions of time allocated to the MISs as v* = (y*1,..,y*H).
We solve the DP by ADMM briefly described next (more
detail in Table I at the end), and prove the rate of convergence,
namely how fast the error from the optimal solution ngsmbuted
decreases as the number of iterations increase.

We associate with each constraint D*BF — 6 = 0
a price vector which we denote as follows,
B k k k k
AT = (Magey Merter) o Aeyaten) Rens tlenr))- Ve

can write the augI}lVented Lagrangian fgr DP as follows,
Ly(ﬁ? 0, A)H: - Zi:l Wi(R: 8:) + Ek:l()‘k) (Dklgk -
0k) + %Zk:l ||(Dkﬁk - 2, here X\ = (>‘17°°7)‘H)'
The ADMM procedure relies on computing the optimal vector

Bi(t) = (BL(t), ..., BH(t)), by each UE-i in the current time
slot ¢ given the price variables and auxiliary variables at time
t—1,1.e A5 (t—1) and 6%, (t—1)Vk € {1,..., H}, Ve € E(3),
here E(i) is the set of edges with UE-i as a vertex.
Then, the price variable A¥, (¢t — 1) and auxiliary variable
0% (t — 1) is updated parallelly by each UE-i based on
the BF(t) and the neighbor j’s ﬂf(t), here e = (i,7),
Ve € E(i), Vk € {1,.., H}. This iteration of updating B;(t)
and price, auxiliary variables is repeated P times. DP is
feasible if the set of vectors satisfying the constraints in DP
is non-empty.

Theorem 3: If DP is feasible, then the ADMM algorithm
in Table I converges to the optimal value Wgsmbmcd with a
rate of convergence O(+).

Proof 3: We only need to show that the assumptions in
[29], namely the feasibility of DP, along with compactness
of 7,0 to ensure convergence at rate O(+). Both 7,©
are closed and bounded polyhedron implying that they are
compact. (Q.E.D)

Step 4. Determining the cycle length and transmission
times: MISs are scheduled in cycles in the order of their
indices, with the numbers of slots allocated in a cycle propor-
tional to the optimal fractions of time, v* = (y**,..,y*H).

B. Performance Guarantees for Large Networks and Proper-
ties of Interference Graphs

In this subsection, we provide performance guarantees for
our proposed framework described in Subsection V-A. Specif-
ically, we prove that the network performance, ngmbmed,
achieved by the proposed distributed algorithm has a constant
competitive ratio with respect to the optimal value, Wy, of
the PDP. Moreover, we prove that the competitive ratio does
not depend on the network size. Our result is strong, because
the PDP is NP-hard and requires global information to solve,
while our proposed framework requires the UEs to have only
local information based message exchange, and converges in
polynomial time.

Before characterizing the competitive ratio analytically, we
define some auxiliary variables. Define the upper and lower
bounds on the UEs’ maximum transmit power levels and
throughput requirements as, 0 < pjp* < pi*® < pma® Vi €
{1,..,N} and, 0 < Rjp"™ < R™n < R™in Vi € {1,...,N}
respectively. Let D;; is the distance between UE 7 and SBS
7. Define upper and lower bounds on the distance between
any UE and its serving SBS and the noise power at the
SBSs as, 0 < D" < Dyruy < D",Vi € {1,...,N} and,
op <03 <oy, Vi€ {1,..., K} respectively. We assume that
the channel gain is g;; = W, np is the path loss exponent.

Definition (Weak Non-neighboring Interfer-
ence): The interference graph G  exhibits ( Weak
Non-neighboring Interference ((-WNI) if for each UE ¢
the maximum interference from its non-neighbors is bounded,
Le. Z]é/\/’ ()57 95T (i )pmaw < (QC - ].)(Tib, Vie {]-7 7N}

Pip”
log, (1+ (D'ub)an(O.ub )

Define A™%" = R — 1. Then we state the
ub . .
theorem for network performance criterion, sum throughput.




Theorem 4: For any interference graph, if the maximum
degree A < A™%* and it exhibits (-WNI then, our proposed
framework of interference management described in Subsec-
tion V-A achieves a performance W ibuea > T Wope, Where
I = % is the constant competitive ratio, which

10g2(1+W)
is independent of the network size.

Proof 4: Here, we need to show three things,

i). if A < A™% then the distributed policy yields a feasible
solution,

ii). the size of any MIS is > Ajil , thereby using this to
show that the distributed pohcy, if feasible will yield a network
performance of at least 2~ 1 logo (1 + W) and

iii). the upper bound on the network performance, sum
throughput here is N log,(1 + ([)”’)7"7’02)

i). In the Phase 1 of the algorithm the maximum number
of colors used is A + 1, since each UE selects colors from
subset of {1,...., H} N {1,...,d; + 1}. The first A + 1 output
MISs, {1}, ..., I,A+1} span all the UEs in the network. If the
fraction of time assigned to each of these A + 1 MISs is,

/ Ris" ,Vk € {1,.,A+1} then such

« =
k marT
10%2@'*‘%%
an assignment satisfies ‘the constraint that sum of fractions
assigned to all the colors cannot be more than 1, i.e. since
A < AmT — (A 4+ 1) L < 1
) , lf’g2<1+(pub')iw .
Using the fact that network exhibits (—WNI we can write
the minimum instantaneous throughput that can be obtained
. prae .. .
by UE-Z as, 10g2(1 + W), and minimum instan-
taneous throughput of any UE as, log,(1 + W)
Thus, glve_n the fractions assigned to the MISs,
Rub ,Vk € {1,..,A + 1}, which span all

TazT

P
logs (14 (pubynpzc,z

the UEs. each UE i’s throughput requlrement is satisfied,
RZ”" min
L 10g2(1 + Dz ))npgcg ) = Ru

AT
Plp

wbynpal g2
(D )P2<oub

Oék -

10%2(1+

ii). Assume that 3 an MIS whose size is S < ALH . Each
UE in the MIS can exclude a maximum of A UEs from being
included in the MIS. This implies that S(A + 1), represents
the total number of UEs excluded and the UEs in the MIS
which put together should exceed N. Since this is not the case
here, the contradiction implies that S > JX This combined
with minimum mstantaneous throughput of any UE, we get
the lower bound <~ 1 logo (1 + W) for our policy.

iii). The upper bound on the optimal network perfor-
mance is obtained by summing maxiarglum instantaneous
throughput of any UE log,(1 + W) for all UEs,

Nlog,(1 + (D”,“)TUQ) Computing the ratio of the lower
lb

bound of proposed scheme Aiﬂlogz( + (Dufg#%) and

max 10g2(1+%) .
Nlog, (1 + W) we get (L) which
7 (A+1)logy (1+ =t
. (Do)np g
) Rpmin i
is no less than, I' = ub since A <
log, (1+ Hrtyrp 2
AT (Q.E.D)
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Figure 5. Illustration of the setup used in Section VI

bits/s/

0.08
5 B

%o o7 —8—Proposed Policy i
« /' Distributed PMS

By 06l -©-Distributed MIS STDMA-2

°

3 196 %

Loos}| Gain

[5]

@

So.0af

=

ES

20.03H

= ¢

EIP (RN 390 %

02 =~ - i
© ~~ Gain
A
;o o1f B AR TR Fomean i
=]
£ %o 65 70 75 80 85 90 95 100 105
= Number of users

Figure 6. Comparing minimum average throughput achieved by proposed
policy with state of the art for large networks.

Note that the analytical expression of competitive ratio, I'
does not depend on the size of the network. The bound on
maximum number of neighbors A% can be interpreted as
a sufficient condition to guarantee the minimum throughput
requirement of each UE. Our results are derived under the
conditions that the interference graph has a maximum de-
gree bounded by A™%* and that the interference from non-
neighbors is bounded (i.e. (—WNI). Note that these do not
restrict the size of the network, we will explain this with an
example next. Also, see that the competitive ratio, I" holds
as long as conditions in the theorem are satisfied and it does
not explicitly depend on the rule used for constructing the
interference graph.

Example: Consider a layout of SBSs in a K x K square
grid, i.e. K2 SBSs with a distance of 5m between the nearest
SBSs. Assume that each UE is located vertically below its
SBS at a distance of 1 m. Fix the parameters p;*** = 100 mW,
o? = 3 mW, R™" = 0.1bits/s/Hz, Vi € {1,.., K}, np = 4.
We construct the interference graph based on the distance rule
[30], namely there is an edge between two pairs if the distance
between their SBSs exceeds 6m, which gives us the maximum
degree A = 4. We can also verify that the interference graphs
under any number K2 of SBSs exhibit (-WNI with ¢ = 0.15
and A < A™** where A™** = 48. Given A = 4 and ( =
0.15, from Theorem 4, we get the performance guarantee of
0.17 for any network size K2. Note that the number 0.17 is
a performance guarantee, and that the actual performance is
much higher compared to the performance guarantee as well
as those achieved by state-of-the-art policies (see Section VI).
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VI. ILLUSTRATIVE RESULTS

We evaluate our proposed policy for a large network for
performance criterion, minimum average throughput achieved
by any UE and average throughput per UE We compare our
policy with the optimal centralized constant power control pol-
icy [23], distributed MIS STDMA-2 [2] and distributed Power
Matched Scheduling (PMS) [20]. We do not compare with
distributed constant power control policies [4] [7], because
their performance is upper bounded by the optimal centralized
power control [23]. Also, we do not compare with distributed
MIS STDMA-1 as the transmission slots assignment in it is
unfair in compairson to MIS STDMA-2, hence it is bound to

have a lower performance.
Consider the uplink of a femtocell network in a building

with 12 rooms adjacent to each other. Fig. 5 illustrates 3 of
the 12 rooms with 3 UEs in each room. Each room has a
length of 20 meters. In each room, there are P uniformly
spaced UEs who transmit to their corresponding SBS which
is installed on the left wall of the room at a height of 2m.
Based on the path loss model in [31], the channel gain from
each SBS i to a UE j is W, where A = 10025 is
the coefficient representing the loss from the wall, and n;; is
the number of walls between UE ¢ and SBS j. Each UE has
a maximum transmit power level of 50 mW and a minimum
throughput requirement of R = 0.025 bits/s/Hz and the
noise power at each receiver is 10~ 'mW. Here, we consider
that the UEs use a distance based threshold rule as in Section
V-B with D" = 30 m. This results in interference graphs
which connects all the UE-SBS pairs within the room and in
the adjacent rooms. We vary the number P of UEs in each
room from 5 to 9 and compare the performance in Fig. 6.
Note that the optimal centralized constant power policy cannot
satisfy the feasibility conditions for any number of UEs in
each room. Therefore, only the performance of distributed MIS
STDMA-2 and distributed PMS is shown in Fig. 6 and Fig. 7.
We can see the performance gain of our proposed policy can
be up to 390%. Note that since the number of UEs is large a
comparison with the PDP (which is NP-hard) is not possible.

Table 1
ADMM UPDATE METHOD FROM STEP 3 IN SUBSECTION V-A, FOR UE %

Initialization: 3;(0) = B™.,B™ &€ T; and it can be chosen arbitrarily
and 0%, (0) = 6™, Vk € {1, ..., H}.Ve € E(i), 6™ € ©F and E(s)
is the set of edges which have 7 as an end point and set )\f;.(O) =0,
Ve € E(i) Vk € {1,..,H}
For t=0 to P-1

. ’
S S ee (A (ODEBE + L(DE B — 05,(1)?)
Bi(t 4 1) is transmitted to all the interfering neighbors, A/ (7).
AE.(t) is transmitted to the neighbor with the edge e,
Vk € {l,..,H}and Ve € E(i)
Update Vk € {1, ..., H} and Ve € E(7)
N (t41) = JO () + M5, (0) — 4 (DEBEE+ 1)+
Dﬁjﬁg(t + 1)), here j is the other end point of e.

1 :

Oi(t+1) = L (A&t +1) = AL (1) + DEBF(E+1)
end

VII. CONCLUSION

We propose a framework for distributed interference man-
agement in large-scale small cell networks, in which each UE
has only local knowledge about the network and communicates
only with its interfering neighbors. First, we propose a novel
distributed algorithm for the UEs to generate a set of MISs
that span all the UEs. The distributed algorithm for generating
MISs requires O(log N) steps (which is much faster than
state-of-the-art) before it converges to the set of MISs with
a high probability. Second, we reformulate the problem of
determining the optimal fractions of time allocated to the
MISs in a novel manner such that the optimal solution can
be determined by a distributed algorithm based on ADMM.
Remarkably, we prove that the proposed policy can achieve a
constant competitive ratio with respect to the policy design
problem which is NP-hard. Our simulations show that our
policy can achieve large performance gains (up to 390%).

APPENDIX

Discussion on minimum average throughput: We now
discuss as to how the proposed framework can be extended
to incorporate inseparable function like minimum average
throughput. The coupled problem with minimum average
throughput objective is restated below:

Coupled Problem (CP)

H
o in_ W, R}
maxe  ming Wi() o)
k=1
H
subject to Zaka > R, Vie {1,..N}

k=1
H
> ar=1,0,>0, Vke{l,..,H}
k=1

Transforming the above problem into an equivalent problem
with auxiliary variable ¢ is given as



Table 1T

GENERATING MISS IN A DISTRIBUTED MANNER, ALGORITHM FOR UE ¢

Initialization: Tx{,, = ¢, TxﬁmI = ¢, tentative and final choice

of UE ¢, Rxlem(l) ¢, RxY na] = ¢ tentative and final choice

made by the neighbors, C; = {1,..., H} N {1, ..,d; + 1} the current
list of subset of available colors C; = ¢, list of colors used by 4, ,
Fl joreq = dindicator if ¢ has acquired a color, C19 = {1, ..., H},

the current list of all available colors

forn=0to [c1 10g4 N

Txlent =&, Txnnal = ¢
lf(Fcolnred ¢)
Tx{,,, = rand{C7"}, rand represents randomly select
a color and inform the neighbors about it.
Rion = {Tky, Yk € N ()}
If(Txiyp 7 R (4), ¥j € N()), UE-i checks if there
is a conflict with any of the neighbor’s choice

- Txtiinulv :vTxfem, Ci = {Tx_énal},if no conflict then
UE-¢ transmits its final color choice to the neighbors,
else
i
Txﬁna] - d)
end
end

N (i .
Rxﬁna(l) = {Txfp, Vk € N (i)}

C;ﬂ+1 = Cln n {Rx{i\r{u(f) u ’I‘Xiiinal}C
c1tt = 17 A RV D Ui e
lf(Txtmal 75 ¢)

Fco]ored 1

end

end

Table IIT
PHASE 2 OF THE DISTRIBUTED MIS GENERATION

Phase 2-Initialization: Txlem i =P Tx?fn‘al ; = ¢, the set of tentative
and final colors chosen by i Rx:;tn =0 Rx;fn‘al ; = ¢, the set of

tentative and final colors chosen by the neighbors,xz = 1

1—(c)H(1—c)H?

forn =[cilogs N+ 1to [ciloga N+ [calog, N]+1
set | _ - E
Tx:gttll ) (b Txﬁna] i (i)’
form=1to |C’1"|
with probability ¢, Txjg ;(m) = C17(m), randomly selecting and
informing the neighbors about tentative choice
with probability 1 — ¢, Tx{g, ;(m) = ¢
end
RS = Uren(s) TXjen i Set of tentative color choices of
the neighbors of %

for r =1 to [Tx5, |

If(Txen, (1) # Rl () Vi € N (i) )
szet ( ) TXset (,,,)

final, % tent,?
else

C; = C; UTx

final, 7
Rxﬁnal = UkEN(I)TX?ﬁe;alk’ set of final color choices of
the neighbors of ¢
C17t = 017 N (R

set c
final, % U Txﬁndl 1}
end

maXeq,: o

H
subject to - W;(> _apRf) > t, Vi€ {1,..,N}

k=1

H .

> xR > R, Vie{l,..N}

k=1

H

dar=1,0,>0, Vke{l,..,H}

k=1

To decouple the above problem, we introduce local variables
for each UE i given as,{f}, ...,ﬂf“}. Now we state a
problem which we claim is equivalent to CP,(the proof to this
claim is very similar to the proof of Theorem 2 and we will
highlight this fact in the proof clearly).

P1
N
maxg ZBZHH
=1
H
subject to W;(>_ BFRY) > Bt Wi e {1,.., N}
k=1
H .
ZBfRic > R;nzn, Vi € {1, N}
k=1
H
S BF=1,8 >0 Vke{l,. . H}Vie{l,..
k=1
BY = BENj€N(i),Vk € {1,...H +1}
Here, B = (B1,..,08n), with B; = (B},...,871),Vi €

{1, ..., N}. Now, given the two problems CP and the problem
P1 are equivalent, we focus on solving P1. P1 can be changed
to a problem similar to DP. To do that we introduce some
additional variables similar to the ones introduced for DP. If
UE i and [ are connected by an edge (i,!) then for each set
I, define 9(1 i = p¥ and 9(z n = —BF, note that these
aux111ary Varlables are introduced to formulate the problem
into the ADMM framework [29] Define a polyhedron for each
= (1) s 16)) = 1.(B1): > 0, R(A)) >
Ryt WRLGA) — > 0] bert 67 < (31 B
and R; = (R},...,R7) and () corresponds to the transpose.
Let 8 = (B1,..,08N) € T, where T = Hij\;ﬂ, and
I] corresponds to the Cartesian product of the sets. Also,
let B = (BY,..,B%),Vk € {1,.,H}. Define another
polyhedron @’(‘;.J) = {(9@71)2.,9@71)!) 9(1 ni t+ Q(Z l)l
0, =1 < 0, < 1,vs € {i,i}}, ©F = H(zl)eE (i,0)
here E = (ej,..epr) is the set of all the M edges in the
interference graph. A vector 8% € ©% is written as % =
(951,2(61)’ 051775(51)’ " GSMJ(?M)’ GISMJ(SM))’ h,ere_ 2(eq), t(ei)
correspond to the vertices in the edge, e;. Similarly define,
6 = (0%,...,0811) ¢ @ , where @ = [[/;' ©*. The
reformulated problem is stated as follows:



DP1

] N ’
MNgeq’ gc@’ ~ Zi:1 Wi (R; B:)
subject to D*3* — 0 =0, vk € {1,... H +1}

Then, DP1 can be solved using the ADMM procedure
similar to the one described for DP.
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