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Abstract—Access points (APs) in millimeter-wave (mmWave)
user-centric (UC) networks will have sleep mode functionality.
Initial access (IA) is a challenging problem in UC networks
due to the coherent serving of the users. In this paper, a novel
deep contextual bandit (DCB) learning-based instantaneous beam
selection method is proposed as a complementary tool to current
IA schemes. In the proposed approach, the DCB model at an
AP uses beam selection information from the neighboring active
APs as the input to solve the beam search problem of the host
AP. The proposed fast beam selection scheme enables APs to be
in energy-saving modes while maintaining the ability to serve
users without any delay when restored. Simulations are carried
out with realistic channel models generated using a ray-tracing
tool. The results show that the proposed system with the 5G
IA scheme can respond to dynamic throughput demands with
negligible latency compared to the 5G IA scheme without the
proposed scheme.

Index Terms—Initial access, mmWave, deep contextual bandits,
user-centric, deep reinforcement learning.

I. INTRODUCTION

To facilitate applications like extended reality (XR) that de-
mand high throughput low-latency communication, networks
of the future are expected to provide at least a 1000-fold
increase in network throughput [1]. Despite high sensitivity
to blockages, millimeter wave (mmWave) and sub-THz bands
will be exploited to attain throughput goals [2]. Massive
multiple-input multiple-output (MIMO) enabled user-centric
(UC) topology is proposed to provide a uniform quality
of service throughout the coverage area. It is proposed as
an alternative to the conventional cellular system where the
coverage area is divided into cells, each served by a base
station. The UC architecture proposes to distribute sets of
antennas throughout the coverage area in the form of access
points (APs) instead of placing them centrally in a base station
similar to cellular systems. Users are served by coherent
joint transmissions made by multiple APs. Uniform quality of
service is ensured with a dense deployment of APs throughout
the coverage area. However, all the APs might not be required
all the time to provide a good quality of service [3]. Therefore,
maintaining a network with a large number of otherwise
redundant APs causes considerably inefficient power usage.

Power consumption can be improved by putting the re-
dundant APs into a reduced functionality mode called the
sleep-state that consumes less power [3], [4]. With highly
dynamic mmWave channels, users may suddenly lose con-
nections to some APs [2]. Furthermore, users may instantly
need additional radio resources to begin or maintain high

throughput low-latency applications. Networks of the future
are expected to maintain a consistent quality of service against
such impromptu changes by promptly rearranging the network,
i.e., the state of the APs. To do so, restored sleep-state APs
are required to contribute to the network capacity instantly.
Inability to achieve this would cause an additional latency
component. A recently restored AP, like any other AP, has to
perform initial access (IA). Among other things, periodically
performed IA is responsible for identifying the best beam to
serve a user. Although strategies were presented to improve
energy efficiency, the beam search problem in IA is not con-
sidered in [3], [4]. The 5G IA uses an exhaustive search-based
method called beam-sweeping to perform the beam search
[5]. Works like [6], [7] provide algorithms to improve the
beam search time. Authors in [8] present a machine learning
(ML) based strategy to provide faster IA. However, these
approaches require interacting with the user. These interactions
are performed inside a periodically occurring IA window in
the radio frame. Due to the coherent user serving in the UC
system, these radio frames must be synchronized to avoid
interference to the ongoing communications of the user [9].
Therefore, a restored sleep-state AP has to wait for the next
shared IA window causing a significant delay.

To address this gap, we propose a novel beam selection
approach that does not require user responses. Here the beam
selection problem at a recently restored AP is formulated
involving its neighboring active APs. The proposed approach
uses beam choices made by the neighboring APs to serve a
user as a crude representation of the environment between
the APs and the respective user at that instance. Then this
representation is mapped into one of the beams of the recently
restored AP’s beam codebook. Beam resulting from this map-
ping is used by the restored AP to serve the respective user.
Therefore, the recently restored AP is not required to wait for
the next IA window. Since this mapping function is complex
to model, a deep neural network (DNN) is used to approximate
it. The deep contextual bandit (DCB) architecture is used to
explore and learn this mapping function.

The proposed method provides instantaneously beam selec-
tion for recently restored APs irrespective of the location at
the radio frame. However, the proposed approach is meant
to be deployed alongside a periodic stand-alone IA scheme.
The performance of this neighbor-aided IA system is evaluated
using realistic scenarios generated using a ray-tracing tool.
Simulation results for the considered scenario show that the
instantaneous predictions of the DCB model achieve 94% of
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Fig. 1: The system model of a UC network where a set of
APs would simultaneously serve a single user.

the best case signal-to-noise ratio (SNR) while maintaining a
negligible latency.

The rest of this paper is organized as follows. Section II
explains the system model used in this work and introduces
the IA problem. Section III formally presents the proposed
approach and provides a quick primer on DCB. Section IV
explains details about the simulations and presents numerical
results and Section V concludes the paper.

Notations: (.)T , and (.)H denote transpose and Hermitian
transpose, respectively. ||x|| and |x| denote the euclidean
norm and cardinality of x, respectively. 1(x) is a sparse
matrix where each row i presents the one-hot encoding for
ith element of the row vector x. {X} represents the vector
space containing all possibilities for X.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

Consider a UC network with N densely deployed APs
and one user as presented in Fig. 1. APs are equipped with
uniform rectangular planar antenna arrays (URPA) with M
antenna-elements. Here, the single antenna user is coherently
served by multiple APs to ensure reliability and to maintain
high throughput communication. All APs are connected to
their controlling entity, the central processing unit (CPU) via
backhaul links. To conserve energy APs can operate in two
power consumption modes: the fully functional awake-state
and the reduced functionality power-saving sleep-state [3], [4].
APs in the awake-state and sleep-state are defined as primary
APs (PAPs) and secondary APs (SAPs), respectively. Work in
[3], [4] and others improve network power consumption by
providing PAP selection strategies. However, for the sake of
simplicity, it is assumed that the CPU randomly selects N̄ APs
as PAPs and one AP as an SAP. The capacity provided by this
configuration is assumed to satisfy the off-peak throughput
requirement of the network. When the throughput demand
of the network surpasses the current network capacity, the
CPU decides to restore the SAP. Each active AP periodically
performs a stand-alone IA scheme in addition to the proposed

beam search approach. The mmWave channel is modeled with
a clustered model [10]. Each channel is generated using K
clusters which are made combining Q paths characterized by
path loss, fading, and array gain at the AP. The subscript
notations k = 1, . . . ,K and q = 1, . . . , Q represent cluster
and path index, respectively. The channel from an AP to the
user h ∈ C1×M is presented as

h =
1√
Q

K∑
k=1

Q∑
q=1

pk,qrk,qa(θk,q, φk,q), (1)

where pk,q ∈ C and rk,q ∈ C represent the path loss
and small-scale fading gain, respectively, and a(θk,q, φk,q) ∈
C1×M is the AP’s array gain. Here θk,q and φk,q are the
azimuth and elevation angles of arrival at the AP, respectively.
The channels used in this work are generated using a ray-
tracing tool called Wireless InSite [11] to capture realistic
mmWave behaviors.

The authors of [12] suggest using analog or hybrid beam-
forming techniques for mmWave MIMO communications to
relax the power and hardware requirements imposed by the
usage of fully digital systems. Hence, this work only considers
analog beamforming which is implemented using an array of
M quantized phase shifters. Beamforming codebook F is the
finite set of M beams generated using this arrangement and
the ith beam fi ∈ F is 1√

M

[
ejΘi,1 . . . ejΘi,M

]T
. Here Θi,m

is the phase shift added to the signal emitted from the mth
antenna-element corresponding to the ith beam.

B. Problem Formulation

During IA beam search APs have to identify the beam which
maximizes the received SNR at the user. The SNR component
provided by the nth PAP to the user is Γn and it is expressed
as

Γn (bn) =
Pn||hnfbn ||2

σ2
, (2)

where Pn is the transmit power of nth PAP, σ2 is the noise
power at the user, hn is the channel h from nth PAP to
the user, and bn and fbn represent the beam index and the
corresponding beam chosen by nth PAP to serve the user,
respectively. The IA problem at nth PAP is presented as

maximize
bn

Γn

subject to bn ∈ {1, . . .M} .
(3)

The 5G IA scheme periodically solves (3) at each AP using
a beam-sweep [?]. This beam searching mechanism involves
the sequential transmission of beams in F. With each beam,
a synchronization signal block (SSB) which spans over 20
resource blocks across 4 OFDM symbols is transmitted. SSBs
provide system information, radio frame synchronization and
allows users to measure the received signal power. Beams
providing the best measurements are reported to the respective
APs. Apart from the 5G standard, the work in [6]–[8] present
methods to provide faster IA. However, all of these IA schemes
solving the general beam search problem require some shape
or form of user interactions. In the UC setting, such IA
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processes in serving APs must occur in a common IA window
to avoid disrupting coherent transmissions. Hence, when an
SAP is restored it is forced to wait until the next shared IA
window to identify the serving beam to serve the user.

III. DCB BASED NEIGHBOR-AIDED INITIAL ACCESS
APPROACH

A. Proposed Approach

All the APs and the user share the same close physical
environment. Therefore, at least some of the channels between
APs and the user are not completely statistically independent
leading to a degree of spatial correlation. The beams selected
by APs can be taken as crude representations of their respec-
tive channels with the user. When considered as a whole, this
set of beams can be used as a rough state representing the
physical environment. In theory, one could hope to find a
function which maps this state to the beam codebook of an
AP in the same close physical environment with some degree
of error.

With the proposed approach, an SAP approximates the
achievable SNR at the user for all fi ∈ F using the mapping
function g(L,B) which is defined as

g(L,B) : {L} × {B} →
{
P0||h0fi||2

σ2

}
,∀fi ∈ F, (4)

where L = [l1 . . . lN̄ ]T , B = [b1 . . . bN̄ ], and the familiar terms
with 0th index correspond to the quantities of the SAP. Here
N̄ is the number of PAPs neighboring the SAP and ln ∈ R1×2

contains latitude and longitude coordinates of nth PAP. The
SAP selects the serving beam fb0 such that

b0 = argmax
i∈{1,...M}

g(L,B). (5)

This formulation presents the SAPs’ IA beam search problem
as a function of L and B, and therefore, enables an SAP
to identify the serving beam without interacting with the
user. However, mathematical characterization of g(L,B) is
complex due to the plethora of phenomena affecting the
radio environment such as fast fading. Therefore, a DNN is
used to approximate g(L,B). Authors of [13] use a DNN
to approximate a similarly complex but different function
which maps sub-6 GHz channel measurements in an AP
to mmWave beams in the same AP to solve the general
beam search problem. Unlike [13], this work solves a beam
search problem solely based on some information collected
from the neighbors, and therefore, does not require dual-band
deployment at the APs. Furthermore, the proposed approach
solves the presented latency problem which is unique to IA of
SAPs in the UC architecture. Hence, the problem and context
considered in this work are different from the general beam
search problem and the context of [13].

The user is already connected to the network (the CPU) via
other serving PAPs. Therefore, it is assumed that the relevant
synchronization-related configurations could be resolved by
the CPU and shared with the SAP. The proposed approach
enables recently restored SAPs to identify the serving beams
instantly without involving the user. However, the proposed

approach is not meant as an alternative for a stand-alone
IA method, beam-sweeping-based or otherwise. It is but a
complementary tool to be used alongside any periodic IA
scheme. At the next IA window, all active APs, including the
recently restored AP, are expected to follow the default IA
scheme of the network to update their beam choices.

Message transfers between APs are kept low by saving
location information of the neighbors at the APs and by
sharing only beam indexes among the APs via the CPU.
Therefore, a significant impact on signaling overhead is not
expected.

B. An Introduction to Deep Contextual Bandits (DCB)
Contextual bandits [14] are a special case of reinforcement

learning (RL) [15]. The RL architecture has a software agent
that interacts with an environment by performing actions on
it. The state of the environment is characterized by the context
X . Reward αa measures the suitability of the action a chosen
by the agent given X . The reward is provided to the agent as
feedback on its actions. The goal of the agent is to maximize
the received reward. The agent learns the {X} × {a} × {αa}
space and the acquired knowledge is used to pick the action
which is most likely to provide the highest reward given X .
Unlike a general RL problem, the action taken in a contextual
bandit problem does not affect X of the environment. After
receiving the actual reward, the parameters of the selection
criteria are updated. However, learning X -a-αa relationships
in problems having large continuous context spaces can be
complex, and therefore, a DNN is used to approximate a
function which predicts αa for each action a given X [16].
Contextual bandits with DNNs are called DCBs. The agent
follows a decaying ε-greedy exploration policy where the
{X}×{a}×{αa} space is learnt by exploring the environment
by taking random actions with a probability of ε. Otherwise,
the agent leverages the already acquired knowledge to choose
actions such that α is maximized.

The DCB architecture is implemented in this work by
training the DNN in the DCB model to approximate (4).
Therefore, X , actions, and αa are defined corresponding to
{L,B}, F, and received SNR at the user, respectively. The
context X is defined as

X :=
[

L
||L|| ,1(B)

]
, (6)

where L
||L|| ∈ R

N̄×2 and 1(B) ∈ RN̄×M . The column vector
made by concatenating the columns of X is used as the input
for the DNN. Action a corresponds to the ath beam in F, i.e.,
fa. The reward for choosing action a is defined as αa and it
is presented as

αa :=
||h0fa||2

σ2
× 1

||h0h0
H ||2

, (7)

where ||h0h0
H ||2 normalizes the performance of fa against

the conjugate beam h0
H . The performance of the DCB agent

is evaluated using regret δ that benchmarks the chosen action
against the best action that provides the highest reward αmax.
In this work, δ is defined as

δ := αmax − αa. (8)
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Fig. 2: The indoor office simulation environment.

IV. SIMULATIONS

A. Simulation Environment

The indoor office environment shown in Fig. 2 is modeled
with Wireless InSite ray-tracer [11] using ITU 60 GHz com-
pliant material models. An area of 60 m × 30 m is partitioned
using dry-wall into smaller office spaces. The ceiling and the
floor are built with concrete. APs are located 10 m apart in a
grid formation centering the ceiling which is 2.6 m above the
floor. A grid of possible user locations is defined spanning the
office area. All AP and possible user locations are denoted in
red and green color markings in Fig. 2.

A carrier frequency of 60 GHz and a channel bandwidth
of 60 MHz is considered. All APs are equipped with URPA
antennas with 16 elements in the 4 × 4 configuration. The
beam codebook is comprised of 16 beams. The gain and
the noise figure of every antenna are set to 5 and 3 dB,
respectively. The transmit power of the APs, and the users
are set to 20 dBm and 5 dBm, respectively.

The DNN of the DCB model has 3 hidden layers each
containing 100 neurons. Input layer of the DNN ingests X
and it has 2N̄ + N̄M neurons. The output layer contains
M neurons corresponding to M beams (actions). ReLu and
Adam have been used as the layer activation function and
the optimizer respectively. However, further fine-tuning of the
model parameters is possible. The learning rates is set to 0.01.
In this work, ε is set to 1 at inception and decayed by a factor
of 0.9999 every episode until a minimum of 0.01 is reached.

A simulation round consists of 50,000 episodes. At the
beginning of each simulation round, one SAP and N̄ PAPs are
randomly chosen from the available APs; the user is served
by all the active N̄ APs. For the ease of simulations, the
ML model is only hosted in the SAP. At each episode, the
user is randomly placed in the simulation area. The proposed
approach is implemented with the 5G IA scheme. However, it
is not limited as such and it can be implemented with any IA
scheme. All the active APs periodically perform 5G IA. An
OFDM symbol duration is assumed to be 0.02 ms, and hence,
an SSB transmission takes 0.08 ms.

The performance of the proposed approach is analyzed in
terms of regret, network capacity, and normalized effective rate
η which is defined as

η =

(
1− TIA

Tp

)
log (1 + Γn(bn))

log (1 + Γ∗n)
, (9)
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Fig. 3: Regret incurred by the DCB model during training.

where TIA is the time taken for the beam search, Tp is the IA
periodicity which is set to 20 ms by default in the 5G standard
[17], and Γ∗n is the maximum achievable SNR.

B. Simulation Scenarios and Results

Fig. 3 presents the regret incurred by the DCB over training
episodes for two scenarios where N̄ is set to 4 and 5 PAPs,
respectively. Due to higher number of neighbors in the 5
PAP case, the DCB model has access to more information
compared to the 4 PAP case. Therefore, the DCB model in
the 5 PAP case could learn faster and better compared to the
4 PAP case and results in a regret measure around 6%.

In Fig. 4, a scenario capturing systems network capacity
performance under changing user throughput demand is in-
vestigated. The SAP uses a DCB model trained with 5 PAPs.
Initially, the user is served by 5 PAPs and at t = 10 ms,
an additional throughput requirement of 200 Mb/s is induced
at the user. The CPU responds to this change by restoring
the SAP, and therefore, user is served by 5 PAPs and an
SAP after the t = 10 ms mark. The performance of the
5G IA method with and without the proposed approach are
compared. Additionally, an always-on method where all APs
are kept in the awake-state is considered. The green color
area in the Fig. 4 correspond to the common IA window
where the 5G IA beam-sweeps of active APs would take
place. Although always-on scheme is immune to the changes
in the user throughput demand, it has the least overall energy
efficiency. The 5G IA with the proposed approach has enabled
the SAP to start serving the user immediately. Since the 5 ms
long IA window arrives every 20 ms, an SAP without the
proposed approach may incur an additional delay of up to
15 ms. Although the analyzed case only has 5 PAPs and an
SAP, the proposed method can be easily extended to other
configurations.

By ignoring the delay caused by waiting for the common
IA window, pure beam search efficiency could be compared
using η. The evolution of η against training episodes for the
proposed approach and the methods in [6] and [8] are shown in
Fig. 5. The work in [8] requires 7 beam (SSB) transmissions,

Authorized licensed use limited to: Oulu University. Downloaded on October 05,2021 at 09:24:07 UTC from IEEE Xplore.  Restrictions apply. 



2162-2337 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/LWC.2021.3115030, IEEE Wireless
Communications Letters

5

Fig. 4: Network capacity of 5G IA with and without the
proposed method under dynamic user throughput demand.
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Fig. 5: Normalized effective rate.

and therefore, TIA is 0.56 ms. The method in [6] claims to
use 30% fewer beam transmissions compared to the exhaustive
case which transmits all 16 beams. Therefore, TIA for [6] is
calculated to be 0.896 ms. An upper bound of the effective
rate for the method in [6] is considered by assuming its beam
selections are always optimal. The proposed approach only
requires a small amount of data from the CPU and TIA for
this wired transmission is estimated to be 0.01 ms. Other
overheads are ignored. The DCB of the proposed approach
takes longer to learn compared to [8] due to the complex
nature of the approximated mapping function. However, with
adequate training, the proposed approach provides similar
performance to that of [8] and the upper bound for [6].

The key advantage of the proposed approach is that it does
not have to wait for the common IA window to identify the
serving beam. Whereas the other approaches like [6] and [8]
have to wait for this common IA window causing a significant
additional delay on top of their respective TIA values.

V. CONCLUSION

In this paper, we have proposed a neighbor-aided approach
based on DCB to provide instantaneous IA to APs waking up
from a sleep mode. First, we have defined the function which
maps beam choices made by the neighbors of an AP to it’s
beam codebook. Then, we have used a deep learning-based
contextual bandit approach to solve the mapping problem.
Finally, we have carried out simulations using realistic chan-
nels generated using a ray-tracing tool. The results show that
the DCB model can successfully learn the mapping function
and provide instantaneous beam prediction to aid current IA
schemes. This work, therefore, presents a faster way to provide
IA using neighbor information for APs in AP-dense mmWave-
based UC networks.
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