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Abstract— This paper focuses on interference coordination
between the small cell and macro cell tiers of a wireless access
network. We present a self-optimization mechanism for LTE-A
eICIC parameters (CRE bias and ABS ratio) following a novel
approach based on a model-free learning strategy, not requiring any previous knowledge about the network (e.g., topology,
interference graph, and scheduling algorithms). Our proposal
is built upon a stochastic optimization algorithm known as
response surface methodology (RSM), that we use to find efficient
eICIC configurations during network operation (online learning),
adapting to changing network conditions, such as traffic or user
distribution. The objective consists of optimizing a performance
metric for which, in general, mathematical expression is unavailable. In particular, we consider the fifth percentile throughput
defined by the 3GPP. By means of RSM, our mechanism
obtains local approximations of the objective function to perform
steepest ascent iterations with an adjustable level of statistical
accuracy. The algorithm can be extended to account for stochastic
constraints, allowing the network to optimize one performance
metric while maintaining other metrics above a desired level.
Index Terms— Interference coordination,
networks, small cells, online learning.

heterogeneous

I. I NTRODUCTION
MALL cells are a key technology for mobile access
networks, since they increase the spacial spectral reuse,
enhance the network coverage, and reduce the load of the
macro cells (offloading) [1]. In a typical scenario, multiple
small cells overlay each macro cell, resulting in a multi-layer
deployment often referred to as heterogeneous network (HetNet) [1]. With a typical frequency reuse factor of 1, interference management in HetNets is a crucial and challenging
feature, especially in dense scenarios. In consequence, this
issue is receiving a notable attention from both the academia
and the industry. In this paper we propose a new interference
management strategy based on a model-free online learning
approach. One essential difference with respect to previous
approaches is that our strategy is data-driven instead of modeldriven, which is especially well suited for self-optimization of
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Fig. 1. 5th percentile throughput (in Mbps) as a function of the eICIC
parameters for the same network under two traffic conditions.

network parameters. Our work can be framed within the novel
idea of data-driven network management described in [2]. In
particular, the application scenario considered in this paper
is the enhanced Inter Cell Interference Coordination (eICIC)
functionality of Long Term Evolution Advanced (LTE-A)
networks.
In LTE-A, the interference coordination between macro
cells (macro enhanced Node B or macro eNB, in 3GPP
terminology) and small cells (pico eNB) is governed by two
eICIC parameters: Cell Range Extension (CRE) bias, which
controls the proportion of User Equipments (UEs) offloaded
from macro eNBs to pico eNBs; and Almost Blank Subframe
(ABS) ratio, which indicates the proportion of subframes
that the macro eNB mutes in its radio frame in order to
reduce the interference at UEs associated to pico eNBs. The
most usual limitation of previous works is neglecting the
dynamic nature of the network conditions [3]–[6]. Figure 1,
shows the 5t h percentile throughput (a usual metric for LTEA [3], [7], [8]) obtained in a simulated scenario following
the 3GPP guidelines [9]. Both surfaces were obtained for the
same network layout, but using two different traffic conditions (A and B) characterized by the average traffic demand
per macro sector (10 Mbps and 30 Mbps respectively) and by
the fraction of users geographically close to a small cell (2/3
and 1/10 respectively). The optimal (ABS ratio, CRE bias)
configurations for each situation are (3/8, 9 dB), (4/8, 12 dB),
respectively. This illustrates the need for dynamic reconfiguration of the eICIC parameters as traffic conditions change over
time.
Previous works addressing eICIC parameter configuration
rely to a large extent on mathematical models of the system,
which imply simplifications such as assuming a static network
situation or considering a single source of interference. Moreover, some metrics of practical interest, such as throughput
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percentiles, can be analytically intractable. To overcome these
limitations, we propose a mechanism that learns efficient
configurations by taking performance samples from the operating network itself. It is thus an online learning algorithm
and, as such, it must decide at which configurations should
the samples be taken at every moment, facing the inherent
exploitation-exploration tradeoff. We use a Response Surface
Methodology (RSM) [10] approach to address this issue,
leveraging the fact that eICIC is controlled by a small number
of parameters. RSM allows us to make local approximations of
the objective function with statistical guarantees, and to track
variations of the optimal configuration. Because it is a blackbox optimization approach, it does not make any assumption
on the system and does not impose additional signaling, apart
from the performance samples.
Improving a fairness metric such as the 5t h percentile
throughput, can worsen other performance metrics such as the
average throughput, as shown in [11] and in the numerical
results of Section V. An operator may then be interested in
keeping certain performance metrics above a minimum desired
level while optimizing another metric. Therefore, we show
how our RSM-based mechanism can be extended to account
for stochastic constraints. The rest of the paper is organized as
follows. In Section II we discuss related works and summarize
our contributions. The problem addressed is formulated in
Section III and Section IV presents our RSM-based mechanism and its extension for comprising stochastic constraints.
Numerical results and benchmark comparisons are provided
and discussed in Section V.
II. R ELATED W ORK AND C ONTRIBUTION
A. Related Work
Although there is a broad literature on interference management for HetNets, our approach to the problem is novel in
many aspects as we detail in this section. First, we consider
the dynamic nature of the network as a basic element of the
problem formulation, in contrast to previous works [4]–[6],
[13]–[16], [20], [21] that consider a static network situation,
and do not address explicitly the real-time adaptation to changing network conditions (traffic intensity, number of users, user
positions).
While some previous works address the dynamic nature of
the problem [7], [12], [17], [22], their approach differs from
ours in some crucial aspects. The authors of [7], [17], and [22]
propose heuristic mechanisms that are very scenariodependent. For example, although [7] performs well in the
usual LTE-A scenarios for which it is designed, it is not
adequate for highly dense scenarios, as shown later in
Sections V and IV-C. On the other hand, the proposed schemes
in [7], [12], and [22] only focus on optimizing the ABS ratio
while, as shown in the introduction, both eICIC parameters
have a joint impact on performance [17]. Our mechanism can
be extended to optimize one metric while keeping other metric
above a desired performance level.
Other works like [5], [13], and [19] address the problem
using reinforcement learning (RL) and [19] also considers non
stationary traffic conditions. The main issue with this approach

is the well known curse of dimensionality, i.e. the exponential
growth in complexity as the state and action spaces increase.
In consequence, even with approximations of the action-value
function, the convergence time of RL-based algorithms is
not adequate, in general, for online operation, and therefore
they should be trained offline before launching them in the
network (see [19]). This raises the additional difficulty of
accurately reproducing the real network in a simulation model.
In contrast, our proposal do not require neither offline training
nor any previous knowledge about the network.
The most distinguishing feature of our proposal is that we
essentially follow a model-free optimization approach. This
contrasts with most previous works relying on mathematical
models of the system [3], [4], [6], [12], [18]. For mathematical
tractability, even the most complex models imply simplifications and assumptions that limit their application to real
operating networks. For example, the authors in [6] simplify
their model by considering only the strongest interference
at the receivers. This allows reducing the initial NP-hard
problem to a linear programming problem. Other works like
[23] and [24] make use of stochastic geometry, which is an
excellent tool for high-level evaluation like determining the
capacity bounds of a network, but assumes that nodes are
deployed according to spatial distributions like Poisson point
process. In an operating network, the real network is layout is
relevant for a fine-tuned parameter configuration. Other usual
simplification consists of assuming round robin scheduling on
the radio interface [23], which is not well suited for HetNet
environments.
Finally, our strategy also differs from previous proposals in
terms of computation and signaling overhead. For example,
in [3], the algorithm computes at each iteration: the average
throughput of each UE in the current iteration, the data-rate
achievable by each UE if it were connected to best pico in ABS
and non-ABS subframe, the data-rate achievable by each UE
if it were connected to best macro, and requires information
about the network topology. Similarly, the algorithms in [4]
and [25] need to construct the interference graph of the whole
network to operate.
We summarize the main aspects of our paper with respect
to previous related works in Tables I and II. The first one
addresses the characteristics of the proposed mechanism, and
the second one considered the simulation models used in each
work.
B. Contribution
This paper proposes a novel self-optimizing strategy to
automatically adjust the interference control parameters in
HetNets. In particular, our proposal is capable of finding
efficient configurations for the CRE bias and ABS ratio
in LTE-A eICIC under variable traffic conditions. This is
done following an online learning approach. This implies
that the algorithm decides, during network operation, which
configuration to use at every moment using only previous
performance observations. Thus, it does not require any previous knowledge about the network topology, interference
graph, radio propagation conditions, and so forth. Moreover, it
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TABLE I
C OMPARISON OF R ELATED W ORKS

TABLE II
S IMULATION M ODEL C OMPARISON IN R ELATED W ORKS

allows optimizing performance metrics of interest for the
3GPP and the operators, such as throughput percentiles, for
which accurate analytic expressions are not available. The
main novelties of our work are:
• To propose a data-driven, model-free approach for interference management in HetNets. In a broader view,
we apply the novel idea of data-driven network control [2] to the particular problem of eICIC parameter
configuration.
• To use Response Surface Methodology (RSM) for online
learning. This technique leverages the fact that the number of controlled parameters is small, providing a cautionary exploration scheme and the capability to adapt to
changing network conditions.
• To extend this approach to the case where stochastic constraints are included in the problem formulation, which
allows us to take into consideration several performance
metrics simultaneously.
The resulting algorithm is simple to implement and, in terms
of signaling, it only requires sending the performance observations to the centralized entity where the algorithm is executed.

region) experience a poor Signal to Interference and Noise
Ratio (SINR).
Hence, the introduction of ABS is motivated by the need to
improve the performance of UEs located at the CRE regions.
This eICIC mechanism allows the macro eNBs to mute all
the data symbols in some subframes, referred to as Almost
Blank Subframes. In these protected subframes, the SINR
of downlink pico transmission is notably improved because
the macro interference is removed. The protected subframes
are inserted following a periodic pattern lasting 8 subframes.
Therefore, it is necessary to configure the ratio of ABS
subframes over conventional subframes (0/8, . . . , 8/8) within
the ABS pattern. The system can also select randomly between
two ABS ratios (e.g. 3/8, 4/8 with probability 0.5 each)
resulting in an intermediate ABS ratio (e.g. 3.5/8). Therefore
in our scenario, the ABS ratio can take values from the set
[0, 1]. We consider a cluster of macro eNBs sharing the same
ABS pattern (synchronized muting) and the same CRE bias
[8], [23], [27]. The cluster is assumed to cover a geographical
area with similar traffic profile.
B. Stochastic Optimization Problem Formulation

III. M OTIVATIONAL S CENARIO AND
P ROBLEM F ORMULATION
A. Application Framework: eICIC in LTE-A
The eICIC functionality was introduced by the 3GPP in
Release 10 (LTE-A) [26] and comprises two mechanisms for
controlling the coexistence of pico and macro eNBs: CRE and
ABS.
CRE allows the UEs to associate to a pico eNB when the
Reference Signal Received Power (RSRP) from the pico eNB
is lower than the RSRP from the macro eNB. This mechanism
prevents the underuse of the radio resources at the pico eNBs
due to their RSRP. To select an eNB to associate with, the UE
adds the CRE bias to the pico RSRP but not to the macro
RSRP, and then selects the eNB with maximum (corrected)
RSRP. Thus, the higher the CRE bias, the larger the downlink
footprint of the pico eNBs. However, due to the high macro
eNB interference, the UEs located at the extended region (CRE

Let us consider an operator who wants to optimize certain
performance metric, referred to as F, which depends on the
interference coordination parameters of the system. In eICIC,
these parameters are the ABS ratio (γ ) and CRE bias (φ).
Because of the stochastic nature of the system (number and
position of the terminals, traffic intensity, propagation condition of the channels, etc), F(γ , φ) is in general a random
variable. Therefore, our goal is to find an eICIC configuration
x = (γ , φ)T which maximizes the expected value E [F(x)].
The convex set


(1)
P = x = (γ , φ)T : 0 ≤ γ ≤ 1, 0 ≤ φ ≤ φmax
contains all the feasible values of x. We can formulate the
main problem as
maxx∈P E [F(x)] .

(2)

We are interested in solving the above problem for a
performance metric F of practical interest and for which
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analytic expressions are not available. This is the case of
the 5t h percentile throughput, proposed by the 3GPP [9] for
performance evaluation of LTE scenarios under the non-full
buffer traffic model, and used in multiple related works [3], [7],
[8]. This metric relies on the concept of throughput sample,
defined as the quotient between the size of a downloaded
file (the initial buffer length), and the time required to download it. The 5t h percentile throughput is defined as the value
below which 5% of the throughput samples fall.1 This metric
characterizes the performance of the worst placed UEs in terms
of signal quality, and therefore maximizing it pursues maxmin fairness among the UEs in the network. A hypothetical
accurate model for computing E [F(x)] in this case should
involve the stochastic characterization of the user location,
the signal to interference and noise ratio (SINR) at the users,
the scheduling algorithm and the file length distribution. Such
a model would be intractable and would involve unknown
distributions. In general, the throughput percentiles are metrics
of empirical nature.
C. Online Learning Approach
Because the objective function E [F(x)] is unavailable, our
proposal consists on learning the optimal configuration by
obtaining observations of F(x) from the operating network
itself. This data-driven approach is known as online learning.
Let k = 0, 1, . . . enumerate the samples of F(x). To obtain
each sample, the algorithm selects a configuration x k and
obtains an observation of the performance yk = F(x k , ωk )
where ωk represents the (random) state of the system during the k-th observation period, comprising all the random
variables affecting F (e.g. traffic demands, UEs positions,
propagation conditions). Therefore yk can be seen as a noisy
sample of E [F(x)]. The configuration x k has to be selected
according to the sampling history of the system up to k − 1,
defined as the set of past configurations and observations:
Hk−1 = {x 0 , y0 , . . . , x k−1 , yk−1 }. The objective, up to a given
stage N, is to solve
 N


max E
F(x k , ωk )
(3)
x 0 ,...,x N ∈P

k=0

Because no previous knowledge about the system is
assumed, and ωk is not directly observed, the algorithm
addressing the above problem follows a black box optimization
approach. This type of algorithm needs to explore the objective
function, that is, to select configurations x k whose performance is uncertain but that could provide useful knowledge
to find even better configurations. Balancing exploitation (i.e.
selecting the best option given the current knowledge) and
exploration, is a central issue in online learning algorithms.
In our case, we face an additional challenge. Note that
wk is a stochastic process that is not stationary in general.
This implies that, even if the learning algorithm eventually
converges to an optimal configuration x ∗ , this configuration
might not be optimal in future stages. Therefore, the algorithm
1 In our simulated scenario the system obtains one sample of the 5th percentile throughput from 1000 throughput samples

should be able to adapt the system configuration to long term
changes in user activity.
IV. S TOCHASTIC O PTIMIZATION A LGORITHM
A. Response Surface Methodology
Let us consider an algorithm to find the optimal solution
of the original problem (2) by means of a stochastic steepestascent search. Such type of algorithm operates iteratively, with
iterations denoted
 by n = 0, 1, 2, . . ., generating a sequence of
configurations x (n) = x (0) , x (1) , . . . x (n) , that, under certain
conditions, converges to an optimal solution as n → ∞.
particular,
starting from an initial point x (0) , the sequence

In (n)
is generated according to
x
x (n+1) = P x (n) + αd(x (n) )

(4)

where d(x (n) ) is the steepest-ascent search direction at point
x (n) , α is the step-size, and P is the projection operator
over P (i.e. P (x) provides the point in P closest to x). The
projection is intended to avoid any iterate falling outside the
feasible region.
Let us define f (x) = E [F(x)]. Because an explicit expression for f is not available, we need to use the samples of F
to generate an approximate steepest ascent direction d̂(x(n)).
A low dimensional problem as ours (x (n) ∈ P ⊂ R2 ),
allows us to use Response Surface Methodology (RSM) [10],
[28], [29] to sample the system and compute d̂(x(n)) with an
adjustable level of statistical accuracy.
In order to obtain the next iterate x (n+1) using (4), RSM
builds a local approximation of the objective function f at the
vicinity of x (n) . The approximation consists of a linear model
characterized by a parameter vector θ . For x ∈ R2 , the parameter vector is θ = (θ0 , θ1 , θ2 )T , and the approximation of f
is given by
fˆ(x|θ ) = θ0 + x T θ−0

(5)

where θ−0 = (θ1 , θ2 )T .
Therefore, RSM must compute, at each iteration n, the parameter vector θ (n) for a given x (n) . This computation requires
taking samples of F in the vicinity of x (n) . In order to explain
the RSM procedure it is helpful to define first the following
sets associated to iteration n:
• The set of design points D (n) : contains a finite set of
configurations in the vicinity of x (n) . These configurations
should be small perturbations of x (n) . Let D = |D (n) | be
the size of this set.
• The set of samples S (n) : contains a (possibly random)
number p of configurations taken from D (n) during
iteration
n, and their performance
observations: S (n) =


x k , yk , . . . , x k+ p−1 , yk+ p−1 . The set S (n) is therefore
the incremental history between two consecutive steepestascent iterations, S (n) = Hk+ p − Hk . Note that p ≥ D,
because it might be necessary to take more than D
samples to generate a statistically reliable approximation
of f .
Given x (n) , the RSM mechanism computes the corresponding parameter vector θ (n) according to the following
procedure:
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1) Generate the set D (n) of design points in the vicinity
of x (n) .
2) Make observations of the performance F at the configurations in D (n) , and store the samples in S (n) .
3) Construct matrix W (n) and vector y (n) from the configurations and observations in S (n) respectively, as follows
⎞
⎞
⎛
⎛
1
x kT
yk
T
⎟
⎜1
⎜ yk+1 ⎟
x k+1
⎟
⎟
⎜
⎜
W (n) = ⎜ ..
⎟ , y (n) = ⎜
⎟ . (6)
..
..
⎠
⎠
⎝.
⎝
.
.
1
4) Compute

T
x k+
p−1

yk+ p−1

θ (n)

θ (n)

using least squares:

−1
T
W (n) W (n)
W (n)
=

T

y (n) .

(7)

Once θ (n) is obtained, iteration (4) is applied with the
following estimation of the steepest-ascent direction
(n)
d̂(x (n) ) = ∇ fˆ(x (n) |θ (n) ) = θ−0
.

(8)

Figure 2 illustrates the entities involved in the proposed
scheme, the information exchange and the sequence of actions
involved in the execution of one steepest ascent iteration.
As shown in the diagram, the algorithm runs in a centralized
entity, which generates the configurations x k , x k+1 , . . ., and
gathers the observations taken form the network.
B. Sampling Strategy
Let us see how to determine, at each iteration, the set
D (n) and the number of samples p with statistical guarantees.
Let δi > 0 be the size of the perturbation on the i -th
component of x (n) . For low-dimensional vectors, we can use
a full factorial design [28], which implies considering all
possible combinations of (positive and negative) perturbations
on each component of x (n) . In particular, for x (n) ∈ P ⊂ R2 ,
we have the following set
D (n) = {x (n) , x (n) + (δ1 , δ2 )T ,
x (n) + (−δ1 , δ2 )T , x (n) + (δ1 , −δ2 )T ,
x (n) + (−δ1 , −δ2 )T }

the angle ϕ within which the real steepest-ascent direction is
contained with a high confidence degree (e.g. 0.9 or 0.95). The
algorithm will take samples until ϕ is smaller than a desired
target angle ϕ ∗ .
After obtaining x (n) , the algorithm takes D samples (i.e.
initially p ← D), one at each point in D (n) , builds W (n) and
y (n) with these samples, and then uses (7) to obtain θ (n) . The
variance of fˆ(x|θ (n)) is estimated by
σ̂ (n)

In case a design point falls outside the feasible region P ,
it must be projected on P (the projection operator P is
omitted in (9) for the sake of clarity). The vector δ = (δ1 , δ2 )
defines the local area where the first order approximation will
be fitted. This area should be sufficiently large to show changes
in the response, but not too large so as to provide highly biased
d̂(x) estimation. We will discuss this aspect later in Section V.
If we take the same number of samples from each point
in D (n) , the columns of W (n) will be orthogonal and will
have the same number of positive and negative perturba
T
tions. This property guarantees that W (n) W (n) in (7) is
invertible [28].
The search direction is determined by the regression coefficients θ (n) obtained from noisy samples of f . We can characterize statistically these coefficients to evaluate the accuracy
of the search direction. Specifically, given θ (n) , we can obtain

2

=

1
y (n) − W (n) θ (n)
p−2

2

and the covariance matrix of θ (n) is given by
−1

T
2
(n)
(n)
(n)
χ̂ =
W
W
σ̂ (n) .

(10)

(11)

Here, the j -th element on the diagonal of χ̂ (n) is the variance
of the j -th element of θ (n) [30]. Let us denote by sθ2 the
maximum variance of θ−0 .
In order to obtain the angle ϕ for a confidence degree q,
we can use the following expression [10]
⎛
⎞1/2
2
ϕ
⎜ s Fq (1, p − 2) ⎟
= arcsin ⎝ θ
⎠
2
2
(n) 2
θ
j =1
j

(12)

where Fq (1, p − 2) is the q-th percentile of the F-distribution.
Therefore, if ϕ > ϕ ∗ , then D new samples are taken from
each point in D (n) and incorporated to W (n) and y (n) , p is
updated by p ← p + D, and θ (n) is recomputed with (7).
The resulting RSM algorithm with confidence in the search
direction is shown in Algorithm 1, and illustrated in Figure 3.
Algorithm 1 RSM With Confidence in the Search Direction
1:
2:
3:
4:
5:

(9)
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6:
7:
8:
9:
10:
11:
12:

Select initial point x (0) ∈ P
for n = 0, 1, 2, . . . do
Generate D (n) , set p = 0, and set ϕ to a value greater
than ϕ ∗
while ϕ > ϕ ∗ do
Obtain one sample at each configuration in D (n) (D
new samples)
Insert the samples in W (n) and y (n)
p← p+D
Estimate θ (n) using (7)
Estimate ϕ using (10), (11), and (12)
end while
(n)
x (n+1) ← P x (n) + αθ−0
end for

The convergence of Algorithm 1 relies on the convergence
of the stochastic iteration (4). There exist several results
providing sufficient conditions for this iteration to converge.
For example, it is possible to apply [31, Proposition 4.1]
to proof the convergence of the stochastic iteration
x (n+1) = x (n) +α (n) d̂(x (n) ), using stepsizes that are
∞
(n) 2
square-summable
< ∞) but not sum∞ (n) ( n=0 (α )
mable ( n=0 α = ∞). One key requirement of this result
is d̂(x (n) ) being a sufficiently accurate estimator of d(x (n) ),

6640

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 16, NO. 10, OCTOBER 2017

Fig. 2. Illustration of the entities participating in the proposed mechanism, the information exchange between them, and the execution of one steepest ascent
iteration at the centralized entity.

constraints
max E [F0 (x)]
x

s.t. E[Fi (x)] ≥ ai , i = 1, . . . , r
x ≥l
x≤u

Fig. 3. Illustration of one steepest-ascent iteration of RSM with confidence
in the search direction.

which is precisely what Algorithm 1 pursues with the statistical guarantees imposed on ϕ.
Unfortunately, this and other similar results imply assumptions on f that cannot be verified in our black-box optimization scenario. Besides, in applications requiring tracking
capabilities it is convenient to use a small constant stepsize α.
In this case, the convergence results state that, as n increases,
x (n) concentrates with a high probability in a neighborhood of
x ∗ [32]. This is the type of behavior that can be expected from
Algorithm 1. Given previous reasons, it is clear that empirical
experiments are required to verify this behavior in the eICIC
scenario considered. Section V addresses this issue and shows
numerical evaluations of the convergence rate.
C. Stochastic Optimization With Stochastic Constraints
Let us see how our mechanism can be modified to account
for stochastic constraints. Let us denote the objective function
by f 0 (x) = E [F0 (x)], and let f i (x) = E [Fi (x)], for
i = 1, . . . , r be r additional performance metrics of the
system. Assume that the operator wishes to maximize f 0 (x)
while keeping all the other metrics f i (x) above a desired
minimum threshold ai for i = 1, . . . , r . The functions { f i }ri=0
cannot be directly measured. Instead, we can only obtain
samples of the random responses Fi (x). Therefore, our eICIC
parameter configuration problem comprises now r stochastic

(13)

where l = (0, 0)T and u = (1, φmax )T , i.e. the last two
constraints correspond to x ∈ P . To address the stochastic optimization problem (13) we propose to modify our
RSM-based algorithm by applying the following three steps:
1) Locally approximating all the functions { f i }ri=0 simultaneously, using the RSM methodology and the sampling
strategy described in subsection IV-B.
2) Computing the search direction d̃(x (n) ) for the steepest
ascent iteration (4). Due to the stochastic constraints, this
direction will be, in general, different to the steepestascent direction d(x (n)) used in previous subsections.
3) Obtaining the next iterate x (n+1) , assessing that all the
constraints are satisfied.
The above procedure is based on [33], but adapted to
an online learning setting. In particular, we introduce two
changes: first, to compute the confidence angle for the steepest ascent direction of each function f i ; second, to use a
fixed stepsize, which provides adaptability and avoids overexploration issues, as shown in numerical evaluations.
1) Local Approximation: As in the unconstrained case,
we approximate the functions f i , i = 0, . . . , r by a first order
polynomial model. With a little abuse of notation, we denote
the vector of estimated coefficients for each function f i by θi .
Therefore, for x ∈ P ⊂ R2 we have θi = (θi,0 , θi,1 , θi,2 )T
for i = 0, . . . , r , such that each f i is approximated by
fˆi (x|θi ) = θi,0 + x T θi,−0 .
Following the sampling strategy explained in
subsection IV-B, given a steepest ascent iterate x (n) ,
we generate a set of design points D (n) . For each configuration
x k ∈ D (n) , we observe r + 1 performance metrics:
yi,k = Fi (x k , wk ), i = 0, . . . , r , which are stored in
(n)
their corresponding sets of samples Si . These sets allow us
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to construct a matrix Wi(n) and a vector yi(n) for each f i , and
then perform a least squares estimation of each coefficient
vector by applying
−1

T
T
Wi(n) yi(n) , i = 0, . . . , r − 1.
Wi(n) Wi(n)
θi(n) =
(14)
Once the coefficients are estimated, the problem can be
locally approximated by substituting each function f i by its
linear model. To simplify the formulation, we introduce matrix
(n) and vector c (n) :
⎞
⎞
⎛ (n)
⎛
(n)
(n)
θ1,1 θ1,2
a1 − θ1,0
⎟
⎜ .
⎜
.. ⎟
..
(n)
(n)
⎟
⎟.
⎜
(15)
=⎜
. ⎠, c = ⎝
.
⎠
⎝ ..
(n)
(n)
(n)
θr,1 θr,2
ar − θr,0
The local approximation of (13) results in the following linear
programming problem
(n)

max (θ0,−0 )T x

x,s,v,z

s.t.

(n)

x − s = c(n)

x +v =u
x−z =l

d̃(x (n) )
= (

check if all the stochastic constraints are satisfied by the new
iterate. This problem was addressed in [28] and [33] using a
binary search algorithm to adjust the stepsize, combined with
two hypothesis tests. The first test estimates if the new iterate
falls within the feasible region. The second test checks if the
objective function has actually improved, and is motivated by
the large stepsizes used at the start of the binary search procedure. If any test fails, the stepsize is reduced for the next stage
of the binary search, and the procedure continues until the
obtained iterate passes all the tests. This may imply taking a
large number of low performance samples, or samples outside
the feasible region, or both. This is not necessarily a problem
in offline optimization, but can be a serious drawback for an
operating network, since these samples may be associated to
a poor quality of service/experience for the network users.
Consequently we use a constant stepsize α in (18) aiming to:
1) prevent the samples to fall too far beyond the restrictions,
2) avoid taking samples at poor performing configurations, and
3) adapt to variations on f i for i = 0, . . . , r . Once x (n+1) is
obtained, we perform one hypotheses test at x (n+1) for each
of the r constraints in (13). The null-hypotheses are defined
as
H0(i) : E[Fi (x (n+1) )] ≤ ai i = 1, . . . , r.

(16)

where s, v and z are vectors containing the slack variables
required to reformulate all the constraints as equalities. We do
not need to solve the linear optimization problem (16), since
x (n) is generated by stochastic steepest ascent iterations.
Instead, we substitute x by x (n) in (16), to transform the
constraints of (16) into a system of linear equations whose
unknowns are the slack variables. The solution to this system,
arranged in vectors s (n) , v (n) and z (n) , is used to derive d̃(x (n) ).
2) Computation of the Search Direction: As suggested by
[28] and [33], the search direction d̃(x (n) ) can be obtained
using a standard tool from interior point methods [34], known
as affine scaling method. For our case, d̃(x (n) ) is given by
(n) T

) (S (n) )−2

(n)

+ (V (n) )−2 + (Z (n) )−2

(n)
θ0,−0

(17)
where S (n) , V (n) and Z (n) are diagonal matrices with the
components of the current estimated slack vectors s (n) , v (n)
and z (n) on their respective diagonals.
Note that the inverse of the matrix within parenthesis in (17)
(n)
, which corresponds to d̂(x (n) ) given
rescales and projects θ0,−0
by (8). A geometrical intuition of how (17) modifies d̂(x (n) ) is
given in [28] and [33]: the modified direction d̃(x (n) ) avoids
creeping along the boundary of the feasible area. The practical
implication is that, for a given stepsize, the modified steepest
ascent iteration approaches faster to the solution.
3) Obtaining the Steepest Ascent Iterates: Once d̃(x (n) ) is
derived, the next iterate x (n+1) is obtained by the modified
steepest ascent iteration
x (n+1) = x (n) + α d̃(x (n) ).

(18)

Note, however, that this new iterate is not assured to lie within
the feasible region. We need to incorporate a mechanism to

(19)

(i)

If the r hypotheses {H0 }ri=1 are rejected, the steepest ascent
estimation procedure continues at x (n+1) ; otherwise, this configuration is discarded and the iteration procedure resumes at
x (n) . This completes our proposal, referred to as the StepwiseRestricted RSM (SR-RSM) algorithm, and summarized in
Algorithm 2.
Algorithm 2 Stepwise-Restricted RSM
1:
2:
3:
4:

−1
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5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

Select initial point x (0) ∈ P
for n = 0, 1, 2, . . . do
Generate D (n) , set p = 0, and set ϕi > ϕi∗ , for i =
0, . . . , r
while one or more ϕi > ϕi∗ do
At each x ∈ D (n) , observe r + 1 metrics {Fi }ri=0
(n)
(n)
Insert the samples in {Wi }ri=0 and {yi }ri=0
p← p+D
(n)
Estimate {θi }ri=0 , using (14)
Estimate {ϕi }ri=0 using (10), (11), and (12)
end while
Obtain s (n) , v (n) , and z (n) from (16)
Obtain d̃(x (n) ) using (17)
x (n+1) ← x (n) + α d̃(x (n) )
(i)
Check the null-hypotheses {H0 }ri=1 defined in (19)
if one or more {H0(i)}ri=1 are accepted then
x (n+1) ← x (n)
end if
end for
V. N UMERICAL R ESULTS

A. Description of the Simulated Scenario
Let us describe the details of the simulated scenario,
which is based on the 3GPP guidelines for LTE performance
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Fig. 4.

Simulated topology with 4 pico eNBs per sector.

evaluation [9]. Regarding the access network deployment
and physical aspects the scenario consists of a hexagonal grid
of 19 three-sectorial macro eNBs (120 degrees per sector), that
is, 57 directional macro cells. Each macro cell area contains
between 2 and 12 pico cells uniformly distributed in the macro
cell area and equipped with omnidirectional antennas. We
simulate the 7 central macro eNBs (21 sectors) and consider
the reminder (which wrap around) as an inter-cell interference
source, replicating the effect of a larger network. We also
consider 2x2 closed loop su-MIMO. Figure 4 illustrates the
simulated topology using 4 pico eNBs per sector. The intersite distance (ISD) is 500 m and the maximum transmit power
of macro and pico cells is 46 dBm and 30 dBm, respectively.
The total bandwidth of the system is 10 MHz. The wireless
propagation model comprises pathloss and shadow fading [9].
Table III contains a summary of the simulation parameters.
The traffic model is defined by the following elements:
•

•

•

Users arrive to the system according to a Poisson process.
The parameter λ provides the average number of arrivals
per second on each sector.
At the user level we apply the FTP traffic model [9].
According to this model each incoming user has to
download one file and remains in the system until this
file is fully downloaded. The file size is 0.5 Mbytes.
Each incoming user is dropped either at a uniformly
distributed position over the macrocell area, or in a
smaller area around a picocell. The first case occurs
with probability Pmacro , and the second one with
Ppico = 1 − Pmacro .

As scheduling policy we adopt the proposal in [35] which
is an adaptation of Proportional Fair (PF) to operate in
conjunction with eICIC mechanisms. This scheduler, which
we will refer to as eICIC-PF, discriminates between different
types of users. Specifically, pico UEs located at cell-edge
have priority to be scheduled in ABS subframes, while pico
UEs at cell-center have priority to be scheduled in non-ABS
subframes.
The SINR is obtained by aggregating the interference of all
eNBs surrounding the UE. The interference sources of each
UE are: the remaining pico eNBs in the same macro sector, and
the four macro eNBs causing the highest interference to the

UE. In addition, we also consider the CRS interference, which
is caused by the macro eNB control signals that cannot be disconnected during ABS subframes. This interference is present
in approximately 10% of the resource elements of these
subframes [36], [37]. Our simulations show a reduction of
the achieved throughput when considering CRS interference.
Nevertheless, this reduction is unevenly distributed among the
UEs, and depends closely on their positions: the cell-edge UEs
are the most affected since they are most likely scheduled in
ABS subframes. Moreover, large values of CRE bias make the
effect of CRS interference in the cell-edge UEs more relevant.
Regarding the ABS pattern configuration, some works like
[7] and [22] consider different ABS pattern in each macro
eNB (unsynchronized muting). With this configuration, when
a macro eNBs mutes its ABS subframes according to its
ABS pattern, neighboring macros with different ABS pattern
can transmit in these subframes, and conversely, in non-ABS
subframes the neighboring macros can mute their subframes.
We adopt synchronized muting in our simulated scenario as
recommended by the 3GPP [27].
B. Convergence Rate
We are interested in evaluating the influence of α, δ and ϕ
in the convergence rate of our RSM-based learning algorithm.
In this subsection we consider a reference scenario defined
by Table III with 4 picos per sector, and traffic conditions
given by λ = 18.75 arrivals per second (75 Mbps) per sector,
and Ppico = 2/3. The experiments were repeated for scenarios with different traffic conditions and different number of
small cells per sector, obtaining similar results. The metric
of interest is the expected amount of samples required to
achieve convergence (convergence time). This metric depends
on the initial configuration x (0) and the criteria selected to
determine convergence. Let f ∗ and x ∗ denote the optimum
performance and its corresponding configuration respectively.
These values were obtained in advance by extensive simulation
experiments. Convergence is assumed to be attained when
| f ∗ − F(x k )| is smaller than a given value  for at least
10 consecutive samples. Different  values were used. For
all the convergence evaluation experiments we selected the
same initial configuration x (0) ∈ P . Following a worst-case
approach, x (0) is located far from x ∗ . In all the figures of
this subsection, the convergence time for each parameter
value (α, δ or ϕ) was obtained by averaging the results of
200 independent simulation runs.
Figure 5 depicts the convergence time versus α, showing
an interesting relation between accuracy and convergence time.
On the one hand, smaller values of α allow the system to operate closer to the optimum performance f ∗ , but requiring more
samples to attain convergence. Note, however, that increasing
α beyond certain value, also increases the convergence time,
because a too large stepsize causes oscillations around the
optimal configuration x ∗ .
Figure 6 shows the convergence time as a function of δ .
It is known that larger values of δ imply larger bias in the
estimation of the steepest ascent direction. As the accuracy
of d̂(x) decreases, the algorithm requires more samples to
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TABLE III
S IMULATION PARAMETERS

Fig. 5. Number of samples until convergence as a function of α for different
 values (δ = (0.03, 0.5), ϕ ∗ = 7º with a 0.95 confidence degree).

Fig. 7.
Number of samples until convergence as a function of ϕ ∗
(α = 6.5 · 10−5 , δ = (0.03, 0.5)).

accuracy and convergence rate. Increasing ϕ ∗ implies faster
convergence since fewer samples are required to estimate the
search direction, but smaller ϕ ∗ values are capable of operating
closer to the optimum. Based on these results, the reference
configuration selected for the following sections is
α = 6.5 × 10−5 , δ = (0.03, 0.5), ϕ ∗ = 7º with a 0.95
confidence degree.
C. Time-Domain Performance

Fig. 6.
Number of samples until convergence as a function of
(α = 6.5 · 10−5 and ϕ ∗ = 7º with a 0.95 confidence degree).

δ

approach the optimum. Reducing δ below certain value also
implies a slower convergence. This is because when the design
points are closer to each other, their performances become
more similar, and computing d̂(x (n) ) requires a higher amount
of samples at each iteration.
Finally, Figure 7 shows the convergence time as a function
of ϕ ∗ . For this parameter, there is a clear tradeoff between

Let us first show how the selected configuration operates
for the plug-and-play scenario used in previous subsection.
Figure 8 shows the eICIC parameters (γ and φ) generated by
the algorithm over consecutive samples, and the evolution of
the average performance, computed with a 60-samples sliding
window. The figure also highlights a region containing 90% of
the performance samples to illustrate the variance of the samples and the effects of the exploration of the algorithm. Note
that these samples are the estimations of the 5t h percentile of
the user throughput, considering all the users in the simulated
network. As can be observed, in this specific simulation run,
the performance approaches the optimum in approximately
500 samples, starting from an initial configuration x (0) which
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D. Benchmark Evaluation

Fig. 8.

Iterates x (n) and samples F(xk ) over time.

We consider the following three benchmarks:
• No eICIC. The eICIC functionality is simply switched off
in the network. This benchmark is intended to illustrate
the necessity of this feature and to provide a baseline.
• Optimal configurations for fixed traffic conditions.
We consider the optimal configuration at 4 specific traffic
conditions: (20 Mbps, Ppico = 2/3), (130 Mbps,
Ppico = 2/3), (20 Mbps, Ppico = 7/8), and (20 Mbps,
Ppico = 7/8). These values were obtained by an exhaustive search over a set of discretized values of P . They
provide an estimate of the best achievable performance
in these particular conditions.
• Proportional-Fair-Based ABS (PF-ABS). This state-ofthe-art heuristic proposed in [7], modifies γ at each frame
according to the average of the Proportional Fair indexes.
This average is used as an indicator of whether the performance is improving or deteriorating, allowing PF-ABS
to decide upon the resources (subframes) allocated to the
macro eNBs and the pico eNBs. As a result, different
ABS patterns emerge among the macro eNBs (unsynchronized muting). In contrast to our mechanism, PF-ABS
does not include CRE bias control. In the original proposal this task is left to another algorithm [38], for which
we assume optimal operation.
Figure 10 shows the average value of the 5t h percentile
throughput attained by each mechanism. In this figure, the traffic intensities per macro sector range from 10 to 130 Mbps and
each sector contains 10 small cells. Two traffic distributions
are considered: Ppico = 2/3 in Figure 10 (a) and Ppico = 7/8
in Figure 10 (b).
E. Evaluation of SR-RSM

Fig. 9. Algorithm behavior under variations of the average traffic conditions.

is located far from the optimal one. It must be remarked that
the simulated scenario is not static: the average traffic intensity
remains constant, but the amount of active users and their
locations are random processes.
We are especially interested in the ability of the algorithm
to adapt to variations on the optimum eICIC configuration x ∗ , when the average traffic conditions change over
time. For this purpose, we make the network traffic change
from λ = 18.75 arrivals per second (75 Mbps) per sector,
Ppico = 9/10 to λ = 7.5 arrivals per second (30 Mbps)
per sector, Ppico = 1/10 (see Figure 9), over a period of
approximately 400 samples. For these traffic conditions we
have obtained, in advance, eICIC configurations performing
very close to the optimum: (γ , φ) = (12, 0.45) for the
initial state, and (γ , φ) = (12.5, 0.4) for the final state. In
this figure we see the change forced on the average traffic
conditions, the eICIC configuration generated by the algorithm
at each sample, and the corresponding performance values.
Note that the adaptation occurs in a period of time shorter
than the convergence time shown in previous figures.

To evaluate the algorithm with stochastic constraints
(SR-RSM), we consider two types of benchmarks: first, we use
a set of similar RSM-based algorithms allowing us to assess
the effectiveness of the main design decisions of our mechanism. Second, in order to evaluate the achievable performance
with respect a state-of-the-art eICIC scheme, we consider the
PF-ABS scheme [7] again. The algorithms of the first type
are:
• Line Search RSM (LS-RSM) [28] is, as previously
explained, the base of our proposal. The difference is
that LS-RSM adjusts the stepsize at each iteration by a
binary search algorithm. The objective of this benchmark
is to assess the convenience of our stepsize policy for an
online learning setting.
• Restriction-Checking RSM (RC-RSM). This algorithm
is equal to SR-RSM, except that it uses the steepest ascent
search direction d(x) instead of d̃(x). The objective is to
quantify the effect of using d̃(x) in terms of convergence
rate. For RC-RSM we use two α values: α = 6.5 · 10−5
(same as RSM), and α/2. The first one aims to accelerate
convergence, and the second one to operate within the
feasible region.
• Algorithm 1 (RSM), provides a baseline performance
when not considering stochastic constraints.
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Fig. 11. Samples of the 5th percentile throughput in the simulated network,
obtained by each algorithm.

Fig. 12. Samples of the average per-user throughput in the simulated network,
obtained by each algorithm.
Fig. 10. 5th percentile throughput as a function of offered traffic load for
the proposed benchmarks.

We use a time-domain evaluation approach to compare
with other RSM-based benchmarks using a plug-and-play
scenario in which all the algorithms start at the same initial
configuration x (0) located far from the optimum. We consider 4 pico eNBs per sector, λ = 18.75 arrivals per second (75 Mbps) per sector and Pmacro = 0.9. The objective
performance metric ( f 0 ) is the 5t h percentile throughput. Our
simulations show that, in some scenarios, when this metric
is optimized, the average user throughput ( f 1 ) decreases.
Assuming that the operator desires to keep f 1 above a
desired value (a1 ), we introduce the stochastic constraint
E [F1 (x)] = f 1 (x) ≥ a1 .
Figure 11 shows the samples of F0 obtained by each
algorithm, and Figure 12 shows the corresponding F1 samples.
Note that RSM attains the highest F0 values in Figure 11,
but its F1 values lie clearly below the constraint boundary.
This suggests that the optimum of the constrained problem
is located at the restriction boundary f 1 (x) = a1 . These
figures show why, although LS-RSM approaches very fast to
the neighborhood of the optimum, it is not adequate for an
online setting: it presents large fluctuations in both metrics
because it takes samples at very long distances from the

Fig. 13.

Cumulative quadratic loss over time.

current configuration x (n) . The faster convergence of SR-RSM
compared to RC-RSM illustrates the convenience of the modified search direction d̃(x) instead of d̂(x). Increasing the
stepsize accelerates the convergence of RC-RSM but can cause
instability as shown in Figure 11.
Regarding the effectiveness in holding the constraint,
Figure 13 shows the accumulated quadratic loss over consecutive samples for each algorithm (the quadratic loss per
sample is defined as (a1 − F1 (x k ))2 if F1 (x k ) < a1 , and 0 if
F1 (x k ) ≥ a1 ). The consequence of the long range exploration
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objective function under non-stationary network conditions.
The data-based nature of our proposal and its use of synchronized ABS imply the need of a centralized entity for its
implementation. In terms of performance, numerical results
show that our proposal becomes preferable to existing stateof-the-art algorithms when the deployment density of small
cells increases. Our mechanism can be extended to include
additional performance metrics in the form of stochastic
constraints (SR-RSM), allowing the operator to optimize one
metric while keeping other metrics above a desired value.
In numerical evaluations, SR-RSM converged as fast as the
unconstrained RSM algorithm, while keeping the performance
metrics within the feasible region.
Fig. 14.
SR RSM curves and PF-ABS operation points with CRE-bias
configured to optimize either the 5th or the 50th percentile throughput. The
traffic intensity in all scenarios is 100 Mbps per sector.

performed by LS-RSM is that the accumulated quadratic loss
of LS-RSM is similar to the (constraint blind) RSM algorithm.
To estimate the set of performance values achievable by
SR-RSM (the SR-RSM curves), we have evaluated the 5t h and
the 50t h throughput percentiles by setting one metric as the
objective and the other as the constraint. This was repeated
in three different scenarios characterized by the number of
small cells per sector (10, 14 and 18). We have also obtained,
at each scenario, the performance figures for PF-ABS using
two CRE-bias configurations criteria: maximizing either the
5t h or the 50t h percentile throughput. Figure 14 shows the
SR-RSM curves and the PF-ABS operation points for each
scenario.
Note that for 10 and 14 small cells per sector, there is
one PF-ABS operation point lying on the right side of the
RSM curve, implying that in these cases PF-ABS could
be preferable to SR-RSM. It should be noted that PF-ABS
requires unsynchronized muting, while SR-RSM is simulated
under synchronized muting. Additional simulation runs have
shown that when our mechanism operates with unsynchronized
muting, it tends to perform better in both metrics. Moreover,
Figure 14 shows that as the small cell density increases, our
approach results more convenient than PF-ABS since there
is a positive gap between the RSM curve and both PF-ABS
configurations.
VI. C ONCLUSION
This paper presented a novel data-based strategy for interference coordination configuration in HetNets. Specifically, it is
applied to the self-optimization of LTE-A eICIC parameters:
ABS ratio and CRE bias. Instead of requiring a detailed
model of the system, our approach relies solely on performance measurements taken from the system. This allows us
to optimize metrics of interest for the operators, such as
throughput percentiles, for which analytic expressions are not
available. The proposal is an online learning algorithm using
RSM to obtain local approximations of the objective function
to perform steepest ascent iterations. Because of the small
number of parameters involved, our RSM-based scheme can
provide statistical reliability on the ascent direction obtained.
In addition, it is capable of adapting to variations of the
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