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Abstract—Grant Free Random Access (GFRA) is a popular
protocol in the Internet of Things (IoT) to reduce the control
signaling. GFRA is a framed protocol where each frame is split
into two parts: device identification; and data transmission part
which can be viewed as a form of Frame Slotted ALOHA (FSA).
A common assumption in FSA is device homogeneity; that is the
probability that a device seeks to transmit data in a particular
frame is common for all devices and independent of the other
devices. Recent work has investigated the possibility of tuning
the FSA protocol to the statistics of the network by changing
the probability for a particular device to access a particular slot.
However, power control with a successive interference cancella-
tion (SIC) receiver has not yet been considered to further increase
the performance of the tuned FSA protocols. In this paper, we
propose algorithms to jointly optimize both the slot selection and
the transmit power of the devices to minimize the outage of the
devices in the network. We show via a simulation study that our
algorithms can outperform baselines (including slotted ALOHA)
in terms of expected number of devices transmitting without
outage and in term of transmit power.

Index Terms—ALOHA, resource allocation, power control,
stochastic optimization

I. INTRODUCTION

The selection of transmit resources with limited coordina-
tion between devices and with the base station is a key problem
in wireless multiple access networks which lead to a family of
protocols known as ALOHA. Slotted ALOHA [1] protocols
and most of its variants such as framed slotted ALOHA
(FSA) [2], coded slotted ALOHA (CSA) [3], irregular rep-
etition slotted ALOHA (IRSA) [4], assume that the network
is homogeneous, meaning that devices are independent and
equally likely to transmit data. However within the context
of modern communication networks like Internet of Things
or event-driven communication, the probability that a device
is active in a specific frame is likely to vary from device to
device.

A key question is whether exploiting knowledge of device
heterogeneity can improve resource utilization. To this end,
new variants of Frame Slotted ALOHA have been proposed,
where the probability that a particular device chooses a par-
ticular slot is not uniform but is optimized as a function of
the statistics of the network. In [5], [6], stochastic resource
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selection is optimized based on the joint probability of activity
of the devices. Optimization is based on heuristics in [5]
and by solving a quadratic program in [6]. However both
approaches require the knowledge at the base station of the
activity probability of the devices in the network. To relax
this assumption, the work in [7], [8] proposed to sequentially
optimize the stochastic resource allocation based only on the
devices active in each frame, achieved via projected stochastic
gradient descent. Finally, in [9], [10], the impact of imperfect
estimation of device activity (e.g., via device identification
algorithms [11]) on the optimization is studied as well as
method to mitigate the effect of activity estimation errors.

Collisions arising from multiple devices utilizing the same
resources in Slotted ALOHA is a limiting factor when seeking
to increase the density of the network. To this end, it is
common to assume that the base station is able to exploit
successive interference cancellation (SIC). In SIC, the data of
each device is sequentially decoded, and subtracted from the
received signal in order to increase the SINR of the devices
that are yet to be decoded. SIC was used in [7], [8] to take
advantage of the different channel conditions to further reduce
the contention in network. However the power was assumed
to be the same for all the devices. To further exploit the SIC
receiver, it is desirable to also tune the power at which the
devices transmit in addition to the slot they transmit in. As
such, power control can be exploited in a similar manner as
power domain non orthogonal multiple access (PD-NOMA)
[12].

In this paper, we propose an algorithm in the context of
NB-IoT networks [13] to jointly optimize two different types
of resources: the temporal slot (orthogonal) and the transmit
power (non-orthogonal). Our contributions are as follows:

(i) we propose an algorithm to jointly optimize the slot
selection and the transmit power of devices to minimize
the outage probability of the devices, with a SIC receiver
at the base station. In contrast, existing work [7], [8]
exploiting SIC assumes constant power levels.

(ii) We propose an additional algorithm to adapt power
control resulting from the algorithm in (i), leading to
further reductions of the power consumption without



reducing throughput performance. This algorithm is run
after the algorithm in (i) has completed, allowing to
minimize the transmit power when the network runs.

(iii)) We show via a simulation study that our algorithms can
exploit heterogeneous activity, leading either to improve-
ments in throughput performance or reductions in energy
consumption.

In section II we present our system model, in section III we
define the objective function, in section IV we introduce the
optimization method and finally we show simulation results in
section V.

II. SYSTEM MODEL

Consider a network consisting of a single base station
with N, antennas and N devices. In NB-IoT, uplink com-
munications occur over a single carrier that is shared by the
devices. Devices are assumed to be synchronized and the
time is split into frames, each consisting of K slots. Each
frames consists of two parts: device identification and data
transmission. During the device identification part, all devices
that seek to transmit data send their unique identifier (pilot)
at same time. Data transmission consists of K slots, active
devices can transmit data on only one slot per frame. Each
slot is further divided into L symbols.

A. Activity model

In each frame only a subset of the [V devices is active. The
probability that a particular device ¢ is active in a frame is
p; and let X; € {0,1}, the state of the device (respectively
inactive or active), X; ~ Ber(p;). We define X € {0,1}"
the vector of active devices and p = [p; ... py] the vector of
activity probabilities, X ~ px, where px is Ber(p); without
loss of generality, we assume devices are sorted in terms
of activity: p; < ... < pn. As such, devices are mutually
independent with different marginals:

N
=[I»i(—p)t,. (1)
=1

The activity vector X' in frame ¢ is independent of the other
frames; i.e., X! is independent of X! Vt # t'. We consider
the following assumptions:

(i) the base station does not have knowledge of the param-
eter p of the activity distribution,

(i) we assume that, during the pilot phase, the base station
detects without error the active devices (e.g using re-
ceiver like [11]) and thus has access to sample X?.

B. Slot selection

In contrast to standard approaches that utilize FSA to
perform the slot selection, we follow the line of work [5]-[10]
that perform the slot selection according to a slot allocation
matrix A € Rf *K Each element of A represents the proba-
bility that a device selects a particular slot when it is active.
More precisely: a;, = Pr(device i selects slot k | X; = 1).
In other words, matrix A must satisfy the constraint H =

{A e RVE .S K Ay =1,4i=1,...,N}. Note that in
the standard FSA protocol, the allocation matrix is the constant
matrix AALOHA,ij = %
C. Transmit power

The transmit power of the devices is P = [Py,..., Py] €
Rf . The transmit power of each individual device is con-
strained by Ppin,; < P < Prax, Where 0 < Puin i < Prax,
Piin,; should be defined to be large enough to ensure reliable
reception if no devices, other than device ¢, are transmitting,
and P .x is a value that depends on the standard or other
regulations. The choice of the transmit power is independent
of the slot.

D. Channel model and receiver

We assume that devices are equipped with a single transmit
antenna and that the base station is equipped with NV, receive
antennas. The channel between the devices and the base station
is modeled by block Rayleigh fading with additive white
Gaussian noise. During a slot, devices send a fixed number
of symbols L. In the slot s of frame ¢, assuming there are
N, s active devices, the received signal Y € CE*Nr js:

= /diag(P)D!(H")" + W?, 2)

where diag(P) represents the N, s X N, , diagonal matrix
of device’s transmit power, D' = [(d})T,... (d%, )] €
CL*Na.s with E[||d;||?] = 1 and represents the data symbols
sent by the active devices, H* = [(h!)T,... (h} )] €
CNr*Nas s the channel gain matrix, assuming the channel
is constant throughout over frame ¢, and W! € CL*Nr is
circularly Gaussian noise ~ CN (0, Io?).

In this work, perfect channel state information at the re-
ceiver (CSIR) is assumed and a MRC spatial filter is utilized
to maximize the SINR of the devices. The signal associated

to device ¢ is (superscript ¢ is dropped to ease the notation):

¥i= |h = VPR *Zfdﬂ T, |\2

J#i

Where y; € CF is the received the approximation of d;, and
W~ CN (O,diag (ﬁ) o

For a subset of devices S C {1,...N} ordered in de-
creasing received power, and a given power vector P, we can
express the SINR of the first device S(1) in the set S under
the noise and the interference of the other devices of S:

Ps(1)

2
.
\S| |h5(1)h3(1)| Po,
Hhsml\z + 220 | Thag 2 5(i)

We assume that the data of S(1) can be decoded if
SINR(S,P) > ~; v > 0. An outage arises when
SINR(S,P) < . We further assume that the re-
ceiver performs successive interference cancellation (SIC):
if SINR(S,P) > ~ the receiver can proceed to compute
SINR(S\ S(1), P), otherwise all devices in S are considered
outed of the network.

SINR(S, P) =

.3



III. OBIJECTIVE

In this paper, we are interested in maximizing the number
of devices that transmit without an outage [8]. More precisely
we aim to maximize the expected number of devices for which
the MRC receiver combined with the SIC decoder will lead to
a SINR that is sufficient to be able to recover its sent signal.
This objective is defined as an expectation over the activity
distribution of the device px defined in (1):

T(Av P) = EXN;DX [T(A, P; X)] 4

K
T(AP;X)=>" > QuwA,S|X)SICS,P), ()

k=1S€eP(N)
where P () represents the power set of {1,..., N},
QrA S |X) = [[Xide J] Q- X;45),  (©)

€S jeS*®

represent the probability that all devices in a subset of the
devices are choosing a particular slot while the other devices
chose another slot, and:

|S|—1
SIC(S,P) = > 1{SINR(S,P) >~}
=1
l
] 1{SINR(S\ {S(1),...,8(m)},P) >}, (D)

represents the number of devices within a set of device S that
have a sufficient SINR to be decoded under a SIC decoder.
We assume that, all sets S € P(N), are sorted in terms of
decreasing received power. Note that if a device S(i) cannot
be decoded then all subsequent devices S(j), ¢ < j, also
cannot be decoded.

To allow for a fair comparison of the performance under
different network statistics, we define the normalized expected
number of devices that transmit without outage:

EXNPX [Tl(A P; X)]
ZZV:I bi

IV. PROPOSED ALGORITHMS

TV(A,P) = (8)

A. Slot and power optimization

Optimization of A and P in (4) is performed in an se-
quential manner using stochastic optimization based on the
vector of active devices X! of each frame ¢. The optimization
problem is written as follows:

A" P* = argmax T1 (A, P) 9)
AerY*K,
PeRY

S.t.: Pmin,i < P; < Phax, Vi € {1 .. N}
ZAivjzh Vi € {1 .. N}
J

Note that problem (9) is non convex, due to the nature of (6).
Note also that the objective in (9) is non-differentiable, due to

the indicator function in (7), to circumvent the latter issue, we
propose to approximate the indicator with a properly scaled
sigmoid function centered on ~:

IS|-1

> oy (BSINR(S,P) — 7)

=1

l
] or GSINR(S\ {S(1),.

m=1

SIC(S,P) =

- S8(m)}, P) =), (10)

where of(z) = ——
sharpness parameter. Let:

is the sigmoid function and b is a

K
TAP;X) =Y Y QuA,S|X)SICS,P).
k=1SeP(N)

(1)

In each frame, by detecting active devices, we obtain a sample
X! ~ px yielding T(A?,P*; X"). Considering that the two
optimization variables A and P have different impact and that
the activity of the devices is heterogeneous, we use ADAGRAD
[14]. The optimization algorithm is detailed in Alg. 1, where
ADAGRAD is as implemented in the Pytorch package [15] and
where the operator ITH]{-} represent the projection on the
constraint set of the parameters.

Algorithm 1: Optimization of A and P to solve (9).

1 Choose initial allocation matrix A! initial power
allocation P!, and step-size sequence {u'}

2t 1.

3 while not converged do

4 Detect active devices to obtain X?

s | (A", P't!) < ADAGRAD(i!, (A, P?), T(Af, Pt X))

6 A Ty (AT

7 P H[Pmin,iaplnax] [Pt+1]

8 end

B. Power Reduction

For a fixed allocation matrix A and a given objective value,
there are several power vectors that achieve this value. Hence,
after (9) is solved via Alg. 1, we seek to minimize the transmit
power of all the devices without decreasing the objective. A
way to achieve this is, for all sets S for which SINR(S, P) >
v,to find the smallest transmit power vector that will lead to a
SINR that is just above the threshold +. Then for all devices
the maximum value over all the minimal transmit power is
taken. This process, described in Alg. 2, is repeated until the
resulting power vector cannot be reduced further.

V. NUMERICAL RESULTS

A. Methods and Baselines

1) Independent activity: We evaluate the performance of
a slot and a power allocation optimized with Alg.1. Three
methods are considered:

(i) Optimization with Alg. 1 only.



Algorithm 2: Reducing the power

1 Function power_cleanup (S,P,h)
2 sinr,I = SINR(S,P,h);
denominator of (3)

3 if sinr > v then

// Find min power for S(1)

// I is the

4 Pmin = (y* I)/([R[1]])* + & // €>0
5 if order of SIC decoding is changed then
6 Pmin = min value that do not change the
order
7 end
8 return Pr,in
9 end
10 else

// Iterate the other combination
of devices and take the max

11 Piemp = [0, ..., 0]

12 for i =2; i <|S|; i+ + do

13 Snext = S\ {S(9)}

14 Piempli] =
power_cleanup(Shext, Ptemp, 1)

15 end

16 return max(Pemp)

17 end

18 Pcleaned = [0, ey 0}

vfork=0; k< K; k++ do

20 | S = indices where(A[:, k] > 0);
transmitting in k

21 S=sort(S, P); // By decreasing power
2 P, = power_cleanup(P,g,S)

23 Pclcancd [S(]-)] = Inax(jjclcancd [S(]-)L Pk)

24 fori =2; i <|S|; i+ + do

// Devices

25 S« S\ {8 —-1)

26 P, = power_cleanup(S,P,g)

27 Pleaned [8(1)} = maX(Pcleaned [8(1)]7 Pk)
28 end

29 end

30 return Paeaned

(ii) Optimization with Alg. 1 followed by power reduction
algorithm Alg. 2.
(iii) Optimization with Alg. 1 with ¢! regularization: the ob-
jective optimized is T'(A'P*)+ \||Pt||1, with A = 0.001.
2) ALOHA with structured power levels: The devices are
choosing their transmit slot uniformly at random (according
to the ALOHA matrix) AaLona, ij = 7=, Vi,j. To cover
a sufficient power diversity, a worst case scenario for the
definition of the power levels is as follows:

(i) set the first level Pj; = max; Pnin,; to ensure that the
device with the worst channel condition can transmit,
(ii) define power levels of order j as P; = 27P;1, V 7 such
that P; < Ppax.
Devices choose their transmit slots according to A ar,oma and
the transmit power vector is P = [Pjy,..., P, P1 . ..] (power

levels are assigned cyclically among devices).

3) Greedy allocation: When the activity probability is
known at the BS, a greedy allocation can be considered.
It ensures that devices the most active can be decoded by
assigning them either orthogonal slots or different transmit
power levels at the expense of the least active devices that
share a single slot and a single power level. The greedy
allocation places the least probable devices in the same slot at
transmit power P;;, and then by orthogonally grouping blocks
of K devices on K slots at the lower power levels. Matrix
Agrcedy can be represented using blocks of diagonal matrices
I, of size K. The allocation gives:

1 0 ... 0 Py
1 0 ... 0 P
Agreedy = Ik ) Pgreedy = ]DEJ
J
L Ik i _F)ll_

B. Simulation setup

We consider a network consisting of N devices and K
slots. In each frame, devices are either active or inactive,
independently of the other devices and of the frame number,
according to a Bernouilli law of parameter p = [p1 ...pn]-
In each frame t the base station has only access to a sample
X! ~ Ber(p). The channels are assumed to be fixed during all
the simulation, H* = H, Vt. We consider a Rayleigh fading
model where the channel between device ¢ and antenna [ of the
base station is h;; ~ CN(0,1). The base station is equipped
with N, = 2 receive antennas.

We consider 4 different scenarios covering different number
of slots, devices and activity probabilities.

1) N=5,K=2,p=][08,.12,.33,.35, .38]

2) N=5,K=2,p=][22,.38,.41,.70, .88]

3) N=8, K =3, p=1[10,.12,.37, .41, .41, .41, .42, .45]
4) N =8, K =3, p=].36,.38,.39, .46, .54, .64, .68, .83]
Alg. 1 is run for 100000 frames with p¢ = 0.01 V¢, the initial
allocation matrix A" is random and the initial power allocation
is P! = [Puini,s-- -, PuninN]s Pmax is 6, and the number
of power level used by the baselines is 2. The sharpness

parameter in (10) is b = 10.

C. Results

Our simulations compare the resulting expected number
of devices able to transmit without outage and the expected
transmit power of devices in the network. The first bar in dark
blue represent the performance obtained by the initial A' and
X' In Fig.1, our methods (red, green and purple, resp. 2nd,
3rd and 4th bar) are able to find a power and a slot allocation
that allows to increase by up to 150% the objective TV (A, P)
(in scenario 4) compared to the baseline considered (orange
and light blue, resp. Sth and 6th bar). Alg. 1 with regularization
(purple) has similar performance as Alg. 1 (red) and Alg.
1 with Alg. 2 (green) except for scenario 1 where there is
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Fig. 1: Resulting objective TV (A, P) for the different method
in the each scenarios.
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Fig. 2: Average power (Ex[PTX]) used.
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a significant performance degradation compared to the other
algorithms. We see also that performing the power reduction
algorithm does not reduce the performance and might even
lead to a small increase, as seen for scenario 3. Fig. 2 shows
the average transmit power of the different methods. We first
see that the initialization has the smallest average power as it
was initialized to the minimal transmit power of each device.
The transmit power of Alg. 1 (red) is always the highest
because there is no mechanism to try to limit the transmit
power, in contrast with the green and purple bars. The average
transmit power of Alg. 1 with Alg. 2 is always smaller than
Alg. 2 with ¢! regularization and is also smaller than the
baselines. Thus the method using Alg. 1 with Alg. 2 yields a
slot and power allocations that avoids undecodable collisions
with a transmit power that is smaller than the baselines.

VI. CONCLUSION

To fully exploit the capability of a SIC-enabled base sta-
tion, controlling the transmit power of the devices as well

as with their transmit slot is important. In this paper, we
proposed algorithms for jointly optimizing both slot and power
allocations for all devices of the network. This increases
the performance of the network, measured by the expected
number of devices that transmit without outage. We presented
a second method aimed at minimizing the transmit power of
the devices without decreasing the throughput performances.
Our simulations show that our algorithm can significantly
outperform existing ALOHA-based algorithms in terms of
both throughput and power consumption.
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