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ABSTRACT

NarrowBand-Internet of Things (NB-IoT) is an emerging
cellular-based technology that offers a range of flexible con-
figurations for massive IoT radio access from groups of de-
vices with heterogeneous requirements. A configuration spec-
ifies the amount of radio resources allocated to each group of
devices for random access and for data transmission. Assuming
no knowledge of the traffic statistics, the problem is to deter-
mine, in an online fashion at each Transmission Time Interval
(TTI), the configurations that maximizes the long-term average
number of IoT devices that are able to both access and deliver
data. Given the complexity of optimal algorithms, a Cooperative
Multi-Agent Deep Neural Network based Q-learning (CMA-
DQN) approach is developed, whereby each DQN agent inde-
pendently control a configuration variable for each group. The
DQN agents are cooperatively trained in the same environment
based on feedback regarding transmission outcomes. CMA-
DQN is seen to considerably outperform conventional heuristic
approaches based on load estimation.

Index Terms— Deep Reinforcement Learning, Multi-
Agent, NB-IoT, Resource Configuration, Random Access

1. INTRODUCTION

To effectively support the emerging massive Internet of Things
(I0T) ecosystem, the 3GPP has standardized NarrowBand-IoT
(NB-IoT), a new radio access technology designed to coexist
with Long-Term Evolution [1]. NB-IoT supports up to three
groups of IoT devices, known as Coverage Enhancement (CE)
groups. Each group shares a similar average received Signal-
to-Noise Ratio (SNR), as measured based on a broadcast sig-
nal, and traffic characteristics (see Fig.1(a)) [2]. At the be-
ginning of each uplink Transmission Time Interval (TTI), the
evolved Node B (eNB) selects a system configuration that spec-
ifies the radio resources allocated to each group in order to ac-
commodate the Random Access CHannel (RACH) procedure
with the remaining resources used for data transmission. The
key challenge is to optimally balance the allocations of channel
resources between the RACH procedure and data transmission
so as to provide reliable connections: Allocating too many re-
sources for RACH enhances the random access performance,
while leaving insufficient resources for data transmission.
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The eNB observes the number of successful transmissions
and collisions on the RACH for all groups at the end of any TTL
This historical information can be potentially used to predict
traffic and to aid the optimization of future TTIs’ configurations.
Even if one knew all the relevant statistics, tackling this problem
in an exact manner can result in a Partially Observable Markov
Decision Process (POMDP) with large state and action spaces,
which would be generally intractable. The complexity of the
problem is compounded by the lack of a prior knowledge at the
eNB regarding the traffic and channel statistics.

tth T
0=

N'Rach,i : Number of RACH periods
N'repe. : Repetition value
f'preas - Number of preambles

Fig. 1: (a) Illils)tration of system model; (b) Uplink channel frame structure.

In light of these challenges, prior works [3,4] have tack-
led the problem under the simplifying assumptions that at most
two configurations are allowed and that the optimization is done
separately for each group without considering wireless trans-
mission errors. In order to consider more complex and practical
formulations, Reinforcement Learning (RL) emerges as a nat-
ural solution given the availability of feedback in the form of
number of successful and unsuccessful transmissions per TTIL.
Q-learning based Access Class Barring (ACB) schemes using
a tabular approach have been proposed in [5, 6] with the aim
of optimizing the access success probability of the RACH. Fi-
nally, optimizing some of the parameters in NB-IoT, namely the
repetition value (to be defined below), was carried out from the
perspective of a single device in terms of latency and power con-
sumption in [7] using a queuing framework.

In this paper, we develop a Cooperative Multi-Agent Deep
Neural Network based Q-learning (CMA-DQN) algorithm for
online uplink resource configuration in NB-IoT systems. In the
proposed approach, a number of DQN agents are cooperatively
trained to produce the configurations for the three CE groups.
The reliance on Deep Neural Networks (DNNs) addresses the
problem of tabular approaches [5, 6] in enabling operation over
a large state space, while the use of multiple agents deals with
the large dimensionality of the output space, corresponding to
the configurations for the three CE groups.
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The rest of the paper is organized as follows. Section 2 il-
lustrates the system model. Section 3 discusses the conventional
solution. Section 4 presents the CMA-DQN approach. Section
5 provides the numerical results and discussion.

2. SYSTEM MODEL

As illustrated in Fig. 1(a), we consider a single-cell NB-IoT
network composed of an eNB located at the center of the cell,
and a set of static IoT devices randomly located in an area of
the plane R2. The devices are divided into three CE groups
as further discussed below. In each IoT device, uplink data is
generated according to random inter-arrival processes over the
TTIs, which are Markovian as defined in [8, Ch. 6.1].

2.1. Problem Formulation

Once backlogged, an IoT device executes the contention-based
RACH procedure in order to establish a Radio Resource Con-
trol (RRC) connection with the eNB. This is done by transmit-
ting a randomly selected preamble for a given number of times
within the next RACH period of the current TTI. The RACH
process can fail if: (7) a collision occurs between two or more
IoT devices selecting the same preamble; or (ii) there is no col-
lision, but the eNB cannot detect a preamble due to low SNR.
As shown in Fig. 1(b), for each TTI ¢ and for each CE group
i = 0,1, 2, in order to reduce the chance of a collision, the eNB
can increase the number ng, ., ; of RACH periods in the TTI
or the number fg, ; of preambles available in each RACH pe-
riod [9]. Furthermore, in order to mitigate the SNR outage, the
eNB can increase the number nﬁepw of times that a preamble
transmission is repeated by a device in group ¢ in one RACH
period [9] of the TTL

After the RRC connection is established, the IoT device re-
quests uplink channel resources from the eNB for control in-
formation and data transmission. As shown in Fig. 1(b), given
a total number of resources Rypiink available for uplink trans-
mission in the TTI, the number of resources available for data
transmission is obtained as the difference Rira = Ruplink —
RE acu» Where RE oy is the overall number of Resource Ele-
ments (REs)' allocated for the RACH procedure. This can be
computed as R}y = Bracu Z?:() TRach,iTRepe,i [Prea,i» Where
Braca measures the number of REs required for the transmis-
sion of one preamble.

In this work, we tackle the problem of optimizing the RACH
configuration defined by parameters A’ {kachi> freair
”fzepe,i}%zo for each ith group in an online manner for every
TTI . In order to make this decision at the beginning of every
TTI ¢, the eNB has available for all prior TTIs ¢/ = 1, ..., t—1 the
collection U*' consisting of the following variables: the number
Vct}; of the collided preambles the number Vbtp ; of the success-

fully received preambles, and the number Vit of idle preambles

ip,¢
for RACH, as well as the number VstUl ; of IoT devices that have

of IoT devices wait-
Ut 1 At 1}

successfully sent data and the number Vlfn i

ing for scheduling. We denote as O'= {U1 At

The uplink channel consists of 48 sub-carriers within 180 kHz bandwidth.
With a 3.75 kHz tone spacing, one RE is composed of one time slot of 2 ms and
one sub-carrier of 3.75 kHz [1].
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the history of all such measurements and past actions.

The eNB aims at maximizing the long-term average num-
ber of devices that successfully transmit data with respect to the
stochastic policy 7 that maps the current observation history O*
to the probabilities of selecting each possible configuration A?.
This problem can be formulated as the optimization

oo 2
2.2 E

=t 1=0

P1
BD:  max, .

SHCC ’L] ( 1 )
where v € [0,1) is the discount rate for the performance ac-
crued in future TTIs and index 7 runs over the CE groups. Since
the dynamics of the system is Markovian over the TTI and is de-
fined by the NB-IoT protocol to be further discussed below, this
is a POMDP problem that is generally intractable. Approximate
solutions will be discussed in Sections 3 and 4.

2.2. NB-IoT Access Network

We now provide additional details on the model and on the NB-
IoT protocol. For the wireless channels, we consider the stan-
dard power-law path-loss model with path-loss exponent 7 and
Rayleigh flat-fading. Once an IoT device becomes backlogged,
it first determines its associated CE group by comparing the re-
ceived power of the broadcast signal Prsgrp to the Reference
Signal Received Power (RSRP) thresholds {Yrsrp1, Yrsrp2} ac-
cording to the rule [10]

CE group 0, if Prsrp > YrSRPI,
CE group I, if Yrsrp1 > FRsRP > YRSRP2; (2)
CE group 2, if Prsrp < YRsRP2;

where the received power Prsrp = Pnpacut ™" is averaged over
small-scale Rayleigh fading, u is the device’s distance from the
eNB, and Pyppcy is the broadcast power of eNB [10].

After CE group determination, each IoT device in group
¢ repeats a randomly selected preamble nf{epm times in the
next RACH period by using a pseudo-random frequency hop-
ping schedule. The preamble consists of four so-called symbol
groups, each occupying one RE [1, 11, 12]. Therefore, a pream-
ble is successfully detected if ar least one preamble repetition
succeeds, which in turn happens if all of its four symbol groups
are correctly decoded [12]. Assuming that correct detecting is
determined by the SNR level SNRSg ;.1 for the jth repetition
and the k£ symbol group, the correct detecting event S,q can be
expressed as

77’Repe k3

Pd = U (m {SNRSngz > ’Yth}) 3)
j=1

where fyth is the SNR threshold, and the SNR can be written
as SNRSg ik = Fracu,iv™"h / o2 given the preamble transmit
power Pracu,; = min {pu", PracHmax } for i = 0 (CE group 0),
and Prachi = PracHmax for ¢ = 1 or 2. Here, PracHmax 1S the
maximal transmit power of IoT devices. Note that the preamble
is transmitted using full path-loss inversion power control for
CE group 0 [10], which ensures an average received power of p
unless the power constraint is violated.



If a RACH fails, the IoT device reattempts the procedure un-
til receiving a positive acknowledgement that RRC connection
is established, or exceeding pcg,; RACH attempts while being
part of one CE group. If these attempts are exceeded, the device
switches to a higher CE group if possible [13]. Moreover, the
IoT device is allowed to attempt the RACH procedure no more
than ~y,max times before dropping a packet.

To allocate data resources among the devices that have cor-
rectly completed the RACH procedure, we adopt a basic random
scheduling strategy, whereby an ordered list of all devices that
have successfully completed the RACH procedure but have not
received a data channel is compiled using a random order. In
each TTI, devices in the list are considered in order for access to
the data channel until the data resources are insufficient to serve
the next device in the list. The remaining RRC connections be-
tween the unscheduled IoT devices and the eNB will be pre-
served within at most ygrc subsequent TTIs, and attempts will
be made to schedule the device’s data during these TTIs [14].
The condition that the data resources are sufficient in TTI ¢ is

expressed as
2

t t t
Rpara > Z TDATA,iVsch,i» 4)
i=0

where Z?:o Vini < Zf:o(vqf;z + Vi) i the number of
scheduled devices; hars ; = Bpata X Niepe ; 18 the number of
required REs for serving a device within the ith CE group; and
Bpara is the number of REs per repetition. Note that the number
of repetitions is the same as for preamble transmission [1].

3. CONVENTIONAL SOLUTIONS

Due to its complexity, most previous works simplify the opti-
mization in (1) by considering the greedy formulation

. t
(PZ) . W(I}\ltz‘lét) ]Eﬂ' [‘/Ysucc,i] ’ (5)

for some group ¢, whereby only the performance in the current
TTI is considered. Furthermore, the expectation in (5) is ap-
proximated based on an estimate of the load in TTI ¢ as dis-
cussed below; and the action space for A; is typically reduced
to include only some parameters such as the number f}., ; of
preambles in each RACH period [3, 4]. '

To elaborate, we now briefly describe a solution based on [4]
that follows the outlined simplifying principles. We drop the
group index ¢ in order to avoid unnecessary notation. At the
beginning of each TTI, the scheme first estimates the number
Di scopy of ToT devices that will attempt RACH access in the tth
TTI, and then adjusts only the parameters A; = ff . according
to the estimated load. The estimate is given as

Diacy = max{2VE L ¢t 61}, (6)

coll

where the term 2" ! reflects the fact that there are at least

2VE ! ToT devices colliding in the last TTI; 6 ~ 7! =
DEiiy — Diady is the difference between the estimated num-
bers of RACH attempting IoT devices in the (t — 1)th and the

tth TTIs [4]; and ('~ = log -1y -1 (Vi / fora ) 5 a0

rea
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estimate of the number of RACH-attempting IoT devices in the
(t — 1)th TTT obtained via moment matching [4].

Using the estimated load given in (6), the approach, which
is referred to as Load Estimation based Uplink Resource Con-
figuration (LE-URC), attempts to solve problem (5) by approx-
imating the objective as

]Eﬂ' [V;tucc] ~ min{]E{V;teqs|Dlt2ACH}7 Vlfp}’ (7)

where E{V,%,| Dkac = n} = n(1 - flflm)n_l + Vit is the
expected number of IoT devices requesting uplink resource in

. _npt
the ¢th TTI; and Vutp — Ruptink—Rracu

7
TDATA

number of IoT devices can be scheduled.
4. COOPERATIVE MULTI-AGENT DQN APPROACH

We now introduce an RL-based approach to tackle problem (1).
A direct application of the DQN approach [15] or of its enhance-
ment proposed in [16], whereby the policy (A¢|O?) for all ¢ is
modelled by a DNN, is not feasible due to the increasing size
of the action A?. In order to overcome this issue, we break up
the action space by considering separately each of the nine ac-
tion variables in A¢. Recall that we have three variables for each
group 7, namely NRach,i» MRepe,i> AN fprea,i-

A separate DQN agent is introduced for each output vari-
able in A*. We define as A} the action selected by the kth
agent. FEach kth agent is responsible to update the value
Q(S*, AL) of action Al in state S*, where the state variable
St = [Ut=Mo At=Mo  [Jt=1 At=1] only includes informa-
tion about the last M, TTIs. All agents receive the same reward
signal Rt = Ziiﬁ Vi ; at the end of each TTI as per problem
(1). The use of this common reward signal ensures that all DQN
agents aim at cooperatively increase the objective in (1). Note
that the approach can be interpreted as applying a factorization
of the overall value function akin to the approach proposed
in [17] for multi-agent systems.

The DQN agents are trained in parallel. Each agent k pa-
rameterizes the action-state value function Q(S*, A%) by using
a function Q(S, Ay; 0y), where 0y, represents the weights ma-
trix of a DNN with fully-connected layers. The input of the
DNN is given by the variables in state S*; the intermediate lay-
ers are Rectifier Linear Units (ReLUs); while the output layer
is composed of linear units. Each output neurons provides the
value of one of the actions in Ai: as in [15]. The weights ma-
trix 0y, is updated online along each training episode by using
double deep Q-learning (DDQN) [16]. Accordingly, learning
takes place over multiple training episodes, with each episode
of duration Nyp; TTI periods. In each TTI, the parameters 8, of
the Q-function approximator Q(S*, A%;0y) are updated using
Stochastic Gradient Descent at all agents £ as

O = 60, — aVL(0}), ®)

is an upper bound on the

where « is RMSProp learning rate [18], VL (0y) is the gra-
dient of the loss function Ly (6}) used to train the Q-function
approximator. This is given as

VL, (912) :Esi’A};’R'H»l’Siﬁ»l [(Ri—H +y II}SX Q(SFA,
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Fig. 3: The allocated repetition value n{icpc’i, and RAOs producted by n}‘mchvi X flfm,i.

where the expectation is taken with respect to randomly se-
lected previous samples (S, A%, S+ Ri*1) for some i € {t—
M,.,...,t + 1}, with M,. being the replay memory [15]. When
t — M, is negative, this is to be intended as including samples
from the previous episode. Following DDQN [16], in (9), 92 is
a so-called target parameter that is used to estimate the future
value of the Q-function in the update rule. This parameter is
periodically copied from the current value 6, and kept fixed for
a number of episodes.

5. SIMULATION RESULTS AND DISCUSSION

In this section, we evaluate the performance of the proposed
CMA-DQN and compare it with the conventional LE-URC de-
scribed in Sec. 3 via numerical experiments. The eNB is as-
sumed to be located at the center of a circle area with 12 km
radius, and we adopt the standard network parameters listed in
Table 1 following [1,2,9, 13, 19]. Accordingly, one epoch con-
sists of 937 TTIs (i.e., 10 minutes). Throughout epoch, each
device have a bursty traffic profile, where the packet genera-
tion probability is given by the time limited Beta profile de-
fined in [8, Ch. 6.1] with parameters (3,4), which has a peak
around the 400th TTI. The resulting average number of gener-
ated packets is shown as dashed line in Fig. 2. The DQNs used
by CMA-DQN have three hidden layers, each with 128 ReLU
units, where other hyperparameters are listed in Table 1. All
results are obtained by averaging over 1000 training episodes.

Table 1: Simulation Parameters and Q-learning hyperparameters

Simulation Parameters Setting Simulation Parameters Setting

4 2

0dB
35dBm
10 mins

-138 dBm
120 dB
640 ms
30000

Path-loss exponent 7} Noise power o
Received SNR threshold vy,
€NB broadcast power PNpRCH

Bursty traffic duration

Power control threshold p
TTI
I0T devices

Maximum transmit power PR ACHmax 23 dBm Set of number of preambles Fppeq {12,2436,48}
Maximum resource requests YRRC 5 Set of repetition value NRepe {1,2,48,1632}
Maximum RACH in one CE y,CE 4 5 Set of RACH periods NRach {124}
Maximum RACH attempts ~YpMax 10 RSRP threshold { YRgrp - YRSRP2 } {05} dB

REs required for Bp acy 4 REs required for Bpata 32

Q-learning Hyperparameters Value Q-learning Hyperparameters Value

0.0001
32
1000

Exploration € [0.1,1]
Discount rate ~

Replay memory

RMSProp Learning rate Agyig
Minibatch size
Target Q-network update frequency

10000

Fig. 2 compares the number of successfully served IoT
devices Vi during one epoch using CMA-DQN and LE-
URC. The “LE-URC-[1,4,8]” and “LE-URC-[2,8,16]” curves
represent the LE-URC approach with the repetition values
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{nRepe,05 TRepe, 1, MRepe,2 } set to {1,4,8} and {2, 8,16}, respec-
tively. We observe that the CMA-DQN slightly outperforms
LE-URC in the light traffic regions at the beginning and end
of the epoch, but it substantially outperforms LE-URC in the
period of heavy traffic in the middle of the epoch. This demon-
strates the capability of CMA-DQN to better manage the scarce
channel resources in the presence of heavy traffic. It is also
observed that increasing the repetition value of each CE group
with LE-URC improves the received SNR, and thus the RACH
success rate, in the light traffic region, but it degrades the
scheduling success rate due to limited channel resource in the
heavy traffic region.

’/’_"\ < —8— CMA-DQN

60 vl AN —¥— LE-URC-[1.4,8]
» / AN =% LE-URC-[2,8,16]
o 4 4 AY
Q 50 I/ \\ === Bursty Traffic
>
O ! N
Q40 / \\
= p/ \
2 30 Z \Y
'8 /
E) 20 A /,/‘ \

104 o

01
0 200 400 600 800
TTIs

Fig. 2: The average number of successfully served IoT devices Viycc per TTI dur-
ing one bursty traffic duration. The dashed line represents the average number of
generated packets per TTI.

To gain more insight into the operation of CMA-DQN, Fig.
3 plots the average number nfzepw of repetitions and the aver-
age number of Random Access Opportunities (RAOs), defined
as the product 7,y ; X fhre, ;» for each CE group i that are se-
lected by CMA-DQN over the training episodes. As seen in
Fig. 3(a)-(c), CMA-DQN increases the number of repetitions in
the light traffic region in order to improve the SNR and reduce
RACH failures, while decreasing it in the heavy traffic region
so as to reduce scheduling failures. As illustrated in Fig. 3(d)-
(f), this allows CMA-DQN to increase the number of RAOs in
the high traffic regime mitigating the impact of collisions on the
throughput. In contrast, for the CE groups 1 and 2, in the heavy
traffic region, LE-URC decreases the number of RAOs in order
to reduce resource scheduling failures, causing an overall lower
throughput as seen in Fig. 2.
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