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Deep Reinforcement Learning-Based
Mobility-Aware Robust Proactive Resource
Allocation in Heterogeneous Networks

Jing Li~, Xing Zhang ", Jiaxin Zhang, Jie Wu, Qi Sun, and Yuxuan Xie

1 Abstract—Proactive resource allocation (PRA) is an essential
2 technology boosting intelligent communication, as it can make full
s use of prediction and significantly improve network performance.
+ However, most promising gains base on perfect prediction which
s is unrealistic. How to make PRA robust against prediction uncer-
¢ tainty and maximize benefits brought by prediction becomes an
7 important issue. In this paper, we tackle this problem and propose
s a mobility-aware robust PRA approach (MRPRA) in heteroge-
9 neous networks. MRPRA pre-allocates resources in both time
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and frequency domains among mobile users with users’ tra-
jectories predicted by hidden Markov model. The objective is
to minimize service delay under constraints of different levels
of quality-of-service (QoS) requirement and mobility intensity.
MRPRA is robust against prediction uncertainty by exploiting
probabilistic constraint programming to model QoS requirements
in a probabilistic sense. To this end, the probabilistic distribu-
tion of achievable rate is derived. To flexibly coordinate resource
allocation among multiple mobile users over time horizon, a
deep reinforcement learning based multi-actor deep deterministic
policy gradient algorithm is designed. It learns robust PRA poli-
cies by distributed acting and centralized criticizing. Extensive
numerical simulations are performed to analyze performances of
the proposed approach.

Index Terms—Heterogeneous networks, proactive resource
allocation, mobility prediction, deep reinforcement learning,
robustness.

I. INTRODUCTION

IG DATA prediction makes the traditional heterogeneous
B networks (HetNets) learning and knowledgeable. It’s an
efficient way towards network intellectualization which is a
dominant trend at present. 3GPP has introduced module of
network data analytics into 5G systems to explore implicit
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intelligence from network data and guide the network towards
efficient operation [1]. Promising technologies, e.g., mobile
edge computing [2], caching [3], have incorporated big data
prediction into performance enhancing as well.

Proactive resource allocation (PRA) is also an efficient
approach boosting intelligent communication, as it can make
full use of prediction and hence significantly improve network
performance in terms of throughput, energy efficiency, quality-
of-service (QoS) etc. PRA means to utilize some kinds of
predicted information to make resource allocation planning
beforehand for non-real-time (NRT) service [4]. This makes
resource allocation process more flexible in large time scale.
For example, if information of future wireless channel con-
ditions and users’ mobility is known, power and bandwidth
allocation can be pre-designed to transmit more data when
channel condition is good and available bandwidth is suffi-
cient. This way helps to save energy consumption [5]. On
the other hand, we can plan to first schedule those who are to
leave the network’s coverage to adapt to various levels of delay
requirements in long term [6]. However, in traditional reactive
schemes like fair scheduling (FS) in which users accessed to
the same base station (BS) are scheduled with equal frequency
bandwidth, the network reacts to arriving requests in a rigid
way and hence lacks these functionalities. Thus, how to effi-
ciently exploit predicted information for PRA optimization
should be given comprehensive and deep exploration.

Besides, the promising gains mentioned above mostly base
on perfect prediction. However, there always exist random
prediction errors which bring randomness to the predicted
information. Therefore, we say prediction is uncertain. Our
previous work [6] has demonstrated that network performance
is largely degraded by prediction uncertainty. The imper-
fectly predicted information will mislead PRA. It costs
extra resources to complete service for the under-served
users, which causes large service delay and low through-
put. How to make PRA robust against prediction uncertainty
to maximize benefits of prediction has not been thoroughly
settled. And it poses challenges on modeling prediction
uncertainty [7].

Inspired by the fact that human mobility and channel
conditions are proven to be predictable [8], [9], this work
exploits these two kinds of predicted information for PRA
optimization. We also focus on effective processing prediction
uncertainty to make PRA robust. A mobility-aware robust PRA
(MRPRA) approach for NRT service is proposed. MRPRA
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aims to minimize service delay under constraints of differ-
ent QoS requirements and mobility intensities by optimally
coordinating allocation of time slots and frequency bandwidth.

Solving the robust PRA optimization problem is challeng-
ing. First, the problem is mixed integer and non-convex.
Second, the problem complexity sharply increases with the
size of prediction window. Third, robust PRA is performed
across multiple BSs and mobile users over time horizon under
coexistence of different levels of QoS requirement and mobil-
ity intensity, which reflects complexity of the environment.
Deep reinforcement learning (DRL) is an efficient tool to over-
come those challenges [10]. The agent is trained to make
decisions sequentially by learning from the environment to
maximize its reward in long term. Taking advantage of this
feature, we can decompose the original problem space into
much smaller subspaces and train the agent to make optimal
decisions in these subspaces sequentially. The agent gets an
approximately optimal solution in the original problem space
by maximizing the long term reward.

The major contributions of this work include:

o By assuming that perfectly predicted users’ mobility and
channel gains are known, we model the PRA optimization
problem to provide a performance upper bound. A weight
is designed for each user to adapt to their QoS require-
ments and mobility intensities. As the running time of
directly solving the optimization problem largely grows
with the size of prediction window, we decompose the
problem in a prediction window into sub-optimization
problem in each frame and iteratively update solutions
until convergence.

e Each user’s mobility trace is predicted by hidden
Markov model (HMM). In order to maximize benefits of
prediction, probabilistic constrained programming (PCP)
is utilized to make PRA robust against prediction uncer-
tainty by modeling QoS requirement constraints in a
probabilistic sense. To this end, prediction uncertainty
of users” mobility traces and channel gains is translated
into rate uncertainty of which probabilistic density func-
tion (PDF) is derived. Since rate distribution is utilized,
it doesn’t need to predict exact realizations of channel
gains.

¢ Robust PRA optimization is further modeled as a Markov
decision process (MDP). We solve the problem for each
time slot sequentially instead of simultaneously determin-
ing all variables in the whole prediction window. In this
way, the complexity is significantly reduced. An actor—
critic based DRL algorithm — deep deterministic policy
gradient (DDPGQ) is introduced. In order to flexibly coor-
dinate resource allocation among multiple users over time
horizon, we extend DDPG to multi-actor DDPG to make
robust PRA decision in a way of distributed acting and
centralized criticizing. A reward function that prompts
actors to complete their transmissions is designed to help
the critic evaluate each actor’s policy.

The rest of this paper is organized as follows. Section II
reviews the related work. Section III gives the system
model. Section IV models PRA with and without perfect
prediction, and elaborates how to use PCP to handle prediction
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uncertainty. In Section V, robust PRA optimization is mod-
eled as MDP and solved by our designed multi-actor DDPG
algorithm. Section VI explores benefits of utilizing predicted
information and evaluates the performance of the proposed
approach by simulations. Comprehensive conclusion is given
in Section VIL

II. RELATED WORK
A. Resource Allocation Planning With Prediction

On condition that the network has perfectly predicted the
arrival time and contents of users’ requests ahead of time,
works in [11], [12] proposed to activate the BS to pre-
download files from the core network before users’ requests
actually arriving. Performance gains of the proactive policy
come from extending the transmission deadline and hence
shrinking the queue length.

Works in [4], [6], [13]-[15] pre-allocated resources in a
prediction window. They assumed that perfectly predicted
information on user mobility, channel conditions and traf-
fic demands was available at the beginning of the prediction
window. Work in [4] studied how to translate the predicted
information to available knowledge for planning power and
time slots allocation, BS sleeping. Work in [13] proposed two
approaches for tradeoff between power consumption and ser-
vice delay. The approach with future information can optimize
resource allocation for multiple frames but the one without can
work for only one frame. This indicates that proactive schemes
help optimize resource management in large time scale. Work
in [14] minimized the maximal service delay for time slots
allocation planning with a heuristic algorithm. Work in [15]
minimized energy consumption by optimizing power alloca-
tion according to predicted channel conditions. Our previous
work [6] studied how and when to utilize perfect prediction for
PRA with convex optimization. This work fully developed our
early ideas in [6]. The differences between them include, a) the
previous work solved PRA optimization problem directly,
while this work decomposed the problem space and utilized an
iterative solver for computational complexity reduction, b) the
previous work assumed perfect prediction, while this work pre-
dicted user mobility and further utilized PCP to make PRA
robust against prediction uncertainty, c) this work addition-
ally designed a DRL algorithm to tackle challenges in solving
robust PRA optimization problem.

The above researches are based on perfect prediction. But
prediction is always uncertain practically. One of our major
contribution compared to the above works is that we dealt
with prediction uncertainty. PCP is one of the main tech-
nologies in stochastic programming to tackle uncertainty and
provide robust information. The predicted uncertain values
are represented as stochastic variables [16]. And the con-
straints accommodating the predicted uncertain values are
presented in a probabilistic form with a maximum viola-
tion probability. Works in [7] and [17] proposed to use PCP
to model resource allocation in predictive video streaming.
These works only considered rate uncertainty and assumed
perfectly known mobility traces. However, the bias in mobil-
ity prediction brings wrong knowledge of user association and
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causes a waste of resources, which is ineligible. In contrast,
our work incorporated mobility prediction uncertainty.

There are other PRA researches based on mobility
prediction models. Work in [5] designed four deep neutral
networks (DNN) to predict user mobility, thresholds of aver-
age channel gain and average residual frequency bandwidth
to guide data transmission. Work in [18] proposed a resource
reservation method by predicting users’ next locations based
on decision tree and Markov model. Work in [19] proposed a
proactive BS sleep cycle scheduling scheme with help of the
designed next location estimation algorithm. Performance of
these works largely depend on prediction accuracy. In contrast,
our work achieved robustness against inaccurate prediction.
Moreover, we considered adaptiveness to mobility intensities.

B. User Mobility and Channel Gain Prediction

In order to get future knowledge of user mobility, effort
in [20] proposed a mobility prediction framework based on
hidden Markov model (HMM). The spatio-temporal predic-
tor derived the future travel sequence given a future time
sequence. The probabilistic distribution of users’ future posi-
tions can be obtained with HMM as well. Work in [21] used
recurrent neural network to predict the next visited cell. A long
short-term memory based human path predictor was proposed
in [22]. As our work focused on exploring the value of users’
future moving traces, and we only needed coarse future posi-
tions together with their probabilistic distribution, we adopted
the framework in [20] for mobility prediction. Work in [23]
provided various ways to predict channel gains with the help of
a coverage map which can be constructed with [9]. However,
as we utilized PCP to model rate uncertainty in a probabilis-
tic sense, there is no need to directly predict future channel
conditions.

C. Reinforcement Learning for Resource Allocation

Uncertain dynamic wireless environment, demand of adap-
tion to diverse users’ behaviors have posed challenges on
resource allocation. More and more studies utilized RL to
tackle those challenges recently. An MDP based online learn-
ing method was proposed in [24] for MEC offloading. The
state transition probability it used is often hard to obtain.
Other works focused on model-free algorithms. Work in [25]
proposed a user association approach with deep Q-network
(DQN). However, handling continuous action space is beyond
the capability of DQN. Work in [26] proposed a user asso-
ciation and power allocation scheme based on actor—critic
learning framework. The linear feature-based function it used
may not provide good estimation of the action-value func-
tion when the environment is complex. DDPG algorithm [27]
combined DQN and the actor—critic framework to handle con-
tinuous state and action spaces. It utilizes DNN to approximate
the action-value function and policy function, which has good
adaptiveness to complex environment. In this work, we bor-
rowed the idea from [29] to extend DDPG to multi-actor
DDPG. Work in [29] proposed a novel multi-actor framework
and made each actor execute a distinct task. While in our work,
all actors cooperated to complete the same task.

TABLE I
SUMMARY OF MAIN NOTATIONS

Notation Description
et Minimum data rate requirement of user u
Pt The BS that user u associates with in time slot ¢
Pt,u Predicted value of (¢ .
Ve, u Spectrum efficiency of user u in time slot ¢
Riu Total available frequency bandwidth for user w
in time slot ¢ with stochastic form Rt,u
Tt,p A realization of Ry o
;’i Z’” Normalized bandwidth allocated to user w in time slot ¢
Ct,u Maximum achievable data rate with stochastic form ¢¢ .,
fey ., (©) PDF of ¢;,.
Tt Indicate whether user u completes transmission
in time slot ¢
Jtu Indicate whether user w is scheduled in time slot ¢
B Indicate whether user u accesses to BS ¢ in time slot ¢
Nu Weight of user u
bt Fraction of data to be transmitted to user u in time slot ¢
St,u State of user w at time slot ¢
atu Action of user u at time slot ¢
b, . Fraction of data transmitted to user w till time slot ¢
zy Z’“/ Softmax function is applied to it to get z; "
QF (s¢,at) Action-value function
1 (st) Policy function
< Parameter of OCN
09 Parameter of TCN
OHu Parameter of OAN of actor u
o+ u Parameter of TAN of actor
L (09) Loss function
Vouu J Policy gradient for actor u
w Target network updating rate
J Expected long term discounted reward

III. SYSTEM MODEL

We consider a two-tier time-slotted downlink orthogonal
frequency division access (OFDMA) HetNet consisting of
macro BSs (MBS) A7 and small BSs (SBS) A5 collocated.
We assume that different BSs use different frequency bands.
Therefore, there is no interference. Locations of MBSs and
SBSs are drawn from homogeneous spatial Poisson point pro-
cess (SPPP) with density of A\; and Ao, respectively. Let
@ = {plp € N1 UNMN>} denote the set of all BSs. Mobile
users U = {u|u=1,2,..., U} with NRT service request a
file of B bits. They associate with the BS providing maximum
signal to noise ratio (SNR). Considering data rate is a key fac-
tor for determining QoS, the minimum data rate requirement
c;”m is taken as the QoS requirement. To make it clear, we
summarize main notations in Table I.

Users’ mobility traces are first predicted. As we utilize PCP
to model rate uncertainty in a probabilistic sense, only rate
distribution is needed but not the exact realizations. Namely,
there is no need to predict the exact values of future chan-
nel conditions. A central controller is connected with all BSs
to gather historical data for mobility prediction and perform
resource allocation.

Frequency bandwidth is reserved at each BS for real-time
(RT) service which is non-delay-tolerant and must be served
immediately. Only residual frequency bandwidth is avail-
able for NRT service which is delay-tolerant and will be
queued if there is no sufficient frequency bandwidth. Given
users’ movements, NRT users may move out of the network’s
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Frame 1 [ Framej | | FrameH |
N J
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Prediction window
Fig. 1. Overview of mobility model.

coverage before they are scheduled. Hence in time domain,
users with higher levels of mobility intensity should be
scheduled before those with lower levels. Moreover, resource
allocation should fit different QoS requirements. For example,
BSs should allocate more frequency bandwidth to those with
higher capacity requirements under same channel condition.
With the predicted information of user mobility and channel
conditions, BSs know when, under what channel conditions
and who will compete for resources. Then we can coordinate
resource allocation in both time and frequency domains to
meet each user’s mobility intensity and QoS requirement in
large time scale. To further maximize benefits of prediction,
robust PRA is designed against prediction uncertainty.
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Time is divided into slots indexed by ¢ and each with
duration of A. A set of K time slots is referred to
as a frame. The j-th frame is defined as a set F;
{{-1DK+1,(j—-1)K+2,...,jK} of time slots. And the
prediction window H = {j,j =1,2,..., H} consists of H
frames. In frequency domain, we explicitly assume that BS ¢
has pre-reserved certain amount of frequency bandwidth for
RT users in time slot 7 based on a certain resource reserva-
tion scheme like [18]. And we denote the residual frequency
bandwidth for NRT users as Rj .

B. Mobility Model

An overview of the mobility model is given in Fig. 1.
Position of user u at time slot ¢ is represented by the index of
its serving BS denoted by ¢y ,,. Thus within a prediction win-
dow, the mobility trace (p¢,t =1,2,..., HK) of user uis a
sequence of time-stamped serving BSs of user u. Mobility of
user u can be denoted as a matrix L, = (15,1 = 1,2,..., L),
where 1%, = (%, I(¢%), 7(%)) is a triple with ¢!, being the
i-th serving BS of user u, which starts to serve the user at
time slot I(y%), and 7(¢%) being the residence time slots
under BS goiu, l,, 1s the number of BSs that user u associates
with along its trajectory. In this work, we utilize HMM based
spatio-temporal travel sequence prediction in [20] to predict
mobility trace for user u with historical data record Ly,.

HMM characterized by A = (A, B,T') is composed of hid-
den states and observable states. We define hidden states as
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the user’s positions in its mobility trace, and the observ-
able states as the HK time slots in the prediction window.
States transition matrix A consists of state transition probabil-
ities p(p¢4+1,u|¢t,u) among hidden states. Confusion matrix
B consists of emission probabilities p(t|; ) that denotes the
distribution of observed states that are emitted from each hid-
den state. T' is consisted of the initial distribution p(p) of
hidden states.

Mobility trace prediction is a HMM decoding problem that
can be efficiently solved by Viterbi algorithm with obtained A.
More details can be found in work [20]. The predicted value
of ¢y is denoted by D¢ .

C. Channel Model
In time slot ¢ and ¢ € F;, with large scale channel gain
d;tau between the user and its serving BS ¢y, and small

scale channel fading factor |hy | ~ exp(1), the achievable
spectral efficiency of user u can be estimated by

Pﬂot,u s;t(,lu ’ht,u‘2
2 b

Vi = loga| 1+ (1)

g
where Py, , is the transmit power of BS ¢y 4, dy, , is the
distance between user u and BS ¢4, o is the path loss
exponent, and o2 is the variance of random Gaussian noise.
Assume that users change locations over frames. Thus, we

have 04w = @G 1)K 11,0

IV. MOBILITY-AWARE ROBUST PRA

This work coordinates time slots and frequency band-
width allocation among multiple mobile NRT users within a
prediction window. The goal is to minimize service delay with
adaptation to different QoS requirements and mobility intensi-
ties. PRA optimization with perfect prediction is first modeled
to evaluate the fundamental benefits of proactive algorithm
design and provide a performance upper bound. Then PCP is
utilized to handle prediction uncertainty and make PRA robust.

A. Problem Formulation for Mobility-Aware PRA with
Perfect Prediction (MPRA-Perfect)

In this subsection, we assume that the precisely predicted
users’ mobility traces and channel gains are known at the
beginning of the first time slot.

Let x,, = (mf;’“J =1,2,..., HK) denote the resource
allocation vector of user u. xf " € (0,1] indicates that user u
is scheduled in time slot ¢ and occupies xf ;’“Rau amount of
frequency bandwidth, where R; ,, = RQ,%W is the total avail-
able frequency bandwidth for user u in time slot ¢. Otherwise
xf ;“ = 0. For power allocation, we assume that the fraction
of power allocated to user u equals to xf .. The achievable

rate of user u in time slot 7 at BS ¢ 4 is
2

In order to model PRA optimization as a con-
vex problem, we introduce a binary vector T,
(Ttu, Ttw € {0,1},t =1,...,HK) to account for ser-
vice delay. T}, = 1 indicates that at time slot ¢, there are

ctu = R uvtu-
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still bits remaining to be transmitted for user u. Otherwise

se6 Tty = 0. Thus, the service delay of user u is ||Ty|1. To

T
this end, constraint 7%, > I;{XK” must be satisfied, where

36!

@

36

N

368 ItZ[O,...,O,L...,l]T.
——
t—1
%o Define an association indicator s, € {0,1}. s/, =1
a0 indicates that at time slot f, user u is associated with
ann BS . Otherwise sf + = 0. With the knowledge of

2 user mobility and channel conditions, ¢, and sf o are
ars known.

s For the sake of adaptation to different users’ QoS require-
ments and mobility intensities indicated by the average cell
residence time 7,,, we design a weight for user u

37!

a

37

@

min
eCu

377 Nu = —— . (3)

Tu

as  Then we have the PRA optimization problem in (4). The
a7e objective is to minimize weighted sum of all users’ service
a0 delay. Constraint C3 is the frequency bandwidth restrict at
each BS. Constraint C4 ensures the completion of B bits data
se2 transmission. Constraint C5 indicates that the QoS requirement
sss of user u must be guaranteed when it is scheduled, where
ses Ji .y = 1{xt > 0} with 1{} being an indicator function. We
sss ignore the mobility constraint ||Ty |1 < 3. 7(¢%). It indicates

38

ass that data transmission should be compléted before the user
a7 leaving the network’s coverage. Actually, if constraints C4 and
sss C5 are satisfied, the mobility constraint will be guaranteed.
s This is because, the user terminates its transmission at time
o slot ||Ty||1 if C4 is satisfied, which means that at time slot
s ||Ty|l1 C5 must also be satisfied and the user must be within
a2 the network’s coverage.

383 arg min Z Nul|Tully
X, Tosdu weld
304 st. Cl:t=1,2,.... HK,ueU,p € P,
505 02zl €[0,1], Teu € {0,1}, J1u € {0,1},
306 C3: fo;“sfugl,
ueU

397 c4: AZ QPZ“ Ct,u Z B,

. LPtu min
398 C5: Ty Ctu > Jiucy s

IT

399 C6: Tty > ;{;{(u’
400 CT7: Jtou = Tt 4@

401 Problem (4) is a mixed integer convex problem that can
402 be solved by convex optimization tools, such as CVX. The
403 difficulty of directly solving problem (4) highly increases
a4 with the size of the prediction window. To reduce com-
405 plexity, we decompose problem (4) in the whole prediction
406 window into sub-optimization problem in each frame and
407 then solve the sub-optimization problems in an iterative
a8 manner [30]. The procedure is presented in Algorithm 1.
wo Define Y = [X,T,J]. Let Y(j) denote variables in
a0 frame j, namely Y(j) = [X(),T(5),J(j)], where X(j) =

Algorithm 1 Iterative Decision for MPRA-Perfect
Initialize: Y
1: while i< maximum iteration number do

2. j=H

3:  whilej > 0 do

4: Fix Yg , ] € H\j and minimize the objective function
in problem (4) over frame j by CVX

5 Update Y (j) with the optimal solution obtained in line 4
6: jej—1
7:  end while
8: end while
Output: Y
[xf;",t € Fj,uel], T(j) = [Ttu,t€ Fj,ucl] and

J() =[Jtu t € Fj,u €U].

As the objective is to minimize service delay, we start with
Jj = H (line 2) and update Y(j) in inverted time order (line 6).
Variables in all frames except frame j are fixed when updating
Y(j) (line 4).

B. Problem Formulation for MRPRA With PCP

We use PCP to tackle prediction uncertainty. In problem (4),
the predicted uncertain information includes sf w Vtur Ptu
and Ry ,. They are represented by stochastic variables E;‘j w
Y > Pt,u and Rt,u, respectively. The meaning of problem (4)
is not clearly defined without knowing a realization of the
stochastic variables. Thus problem (4) is revised to a determin-
istic equivalent form with PCP. The stochastic achievable rate
is represented by a random variable ¢ Cu= Rt ,uVt,u- It trans-
lates prediction uncertainty of moblhty and channel conditions
to rate uncertainty. The randomness may cause violations in
constraints C3—C5. By rewriting C3—C5 in a probabilistic
form, problem (4) is equivalently transferred to (5), where C8,
C9 and C10 are transferred from C3, C4 and C5, respectively.
C8 means that ), :cffﬁst u < 1 must be satisfied for any
given St «+ C9 guarantees that the probability of user u failing
to receive B bits data doesn’t exceed 1 € [0, 1]. Similarly, C10
guarantees that the probability of QoS requirement violation
is no greater than e € [0, 1].

argmin Y 9y Tull;

Xy Wu,lu wel

s.t. C1,C2,06,C7,

C8 : IP’{Z af5 50, < 1} =1,

ueU

HK
C9 : P{ZA:E% “Ctu < B} <eq,
t=1

10 : P{aft ey < Jruck™} <5 (5)

Proposition 1: The necessary and sufficient condition of
constraint C4 is constraints C11 : A:cf ;“ ct,u = by B and
12 : fzKl byw = 1, where by, € [0,1] represents the
fraction of data at least to be transmitted to user u in time
slot .

Proof: See Appendix A. |
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The probability in C9 is hard to derive as it involves cumu-
lative sum of multiple i.i.d. random variables. Propositionl
shows that C4 can be decomposed into C11 and C12. Then
C9 is replaced by C13 : P{Az/, "y < bruB} < e1.
Define b, = (bsy,t=1,2,..., HK). Then problem (5) is
modified as

argmin 77u||TU||1
XuJu,Tu,bu ueld

s.t. C1,C2,C6 — C8, C10, C12, C13. (6)

Lemma 1: The PDF [, () of the achievable spectral effi-
ciency 7 o is

2

PO =

k=1

2027\, 26 In 2
aPy,

)

)

/Oo yz/a8*9(25*1)02/Pk*3ky2/a dy
0

2 p; 2/ .
where By, = w3} 74 )\j(P—i) , P; and Py, are transmit
power of BSs in tier j and tier k, respectively.
Proof: See Appendix B. |
Lemma 2: The probability mass function (PMF) p;,, of the
total available frequency bandwidth Rt,u of user « in time slot
r1s

P{t“ﬁt,u =9 Rg,gp = rt,@}p(@)

Piu= / = 1ot L6
> ply )P{tls&t,u =@\ Ry = Tt,np’}
D ’
Proof: See Appendix C. |

Theorem 1: The PDF f¢,  (c) of the achievable rate Ct
of user u in time slot ¢ is

/ y2/a
0

2
M~y (2770 <1)0?/ Py~ Byy?/
X —e d

_ 2027 1In 2

fCt_yu (C) -

2¢/The pf

>

«
Tg7¢>0

Tt,p

y, (9

where ¢ is the BS that has r; , residual frequency bandwidth
in time slot ¢.
Proof: See Appendix D. |
With Theorem 1, probabilities in C10 and C13 are deduced
as (10) and (11), as shown at the bottom of the next page,
respectively.

V. DEEP REINFORCEMENT LEARNING FOR
MOBILITY-AWARE ROBUST PRA

It can be found that problem (6) is mixed integer and non-
convex by substituting (10) and (11) into (6). The problem
space sharply increases with size of the prediction window.
Furthermore, robust PRA is performed under complex environ-
ment. DRL is utilized to handle the above difficulties. Taking
advantage of the feature of sequential decision making in DRL,
problem of robust PRA can be solved slot by slot. Namely,
it only needs to determine xtﬁ“ instead of x,, for each user
at each decision epoch ¢. The agent learns to complete data
transmission as soon as possible by maximizing the long term
reward with the properly designed reward function.

IEEE TRANSACTIONS ON COGNITIVE COMMUNICATIONS AND NETWORKING

A. Deep Deterministic Policy Gradient Algorithm

Problem (6) can be modeled as a discrete time MDP with
continuous state space S and action space A. Since the state
transition probability and the expected rewards for all states
are often unknown, a model-free DRL algorithm DDPG [27]
which can tackle continuous actions and states is introduced.

Let the central controller be the agent performing DDPG
and each time slot ¢ in the prediction window be a decision
epoch. At decision epoch ¢, the agent takes an action a; € A
according to the deterministic policy i : & — A that maps
state s; to a specific action a; after observing current state
st € S. Then it receives a reward (s, a;) and experiences
state transition to s;41. The agent aims to learn a policy that
maximizes the expected long term discounted reward J =
Es,[>920 ¢'r(st, ar)], where ¢ is a discount factor.

DDPG is composed of an actor and a critic. Role of the
actor is to maintain a policy function p that outputs continuous
action given the observed state. Role of the critic is to maintain
an action-value function that describes the long term expected
feedback after taking action a; in state s; following policy .
It is used to criticize the current policy and defined by

Q¥ (stya) = By [r(st, ar) + 0QF (sp41, u(st41))]s

where Q (s¢41, 1u(s¢+1)) and p(sg1) are target values of the
action-value function and policy function, respectively.

1) Critic: The critic utilizes a DNN with parameter HQ,
called online critic network (OCN) QH (s, uu(s¢|0)|09), to
estimate the action-value function. OCN is trained to make
correct criticism on the current policy by minimizing the loss

1(69) = E, {(Q“(ShN(Ste“)wQ) - yt)Q], (13)

with gradient descent algorithm (GDA), where y;
(s, at) + dQM (si41, 1/ (514110#)|09"). The loss function
tells how bad the action-value function is estimated com-
pared to the expected. To calculate y;, the critic uses a
separate DNN with parameter 09, called target critic network
(TCN) QM (sp41, 1t (s5041107)[09") to get the target value
QH(sg41,1(s¢+1)) in (12). TCN has the same structure as
OCN and is updated by

09" « wh? + (1 — w)e 9,

(12)

(14)

with updating rate w < 1.

2) Actor: The policy function g is estimated by a DNN
with parameter 6 called online actor network (OAN)
w(s¢|0*). OAN is trained with gradient ascent algorithm
(GAA). And the critic guides the training by providing its
criticism V,, QH (s, ju(s¢ 16#)|#2) on the current policy to the
policy gradient

VouJ =K, {VMQ“(st,u(st|9“)|0Q)V9u,u(st|9“) . (15)

By applying VyuJ as the gradient to GAA, parameter 6+
is updated in a direction that would maximize J.

The actor also maintains a target actor network (TAN)
w (5t+1\9“,) with parameter 64’ to calculate the target value
1(sg+1) in (12). TAN is a copy of OAN and is updated with
the same rule in (14).
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3) Training Process: The agent stores transition
(st, at, r(st,at), Se+1) notated by m in a replay memory
(RM) M. In this work we adopt the prioritized sampling
strategy in [28] to improve performance of DDPG. Each
transition has a sampling probability defined by

1/rank(m)
S 1/rank(m)’

m/eM

(16)

dm =

where function rank(m) gives the rank of transition m in M
based on the loss value L, (%) calculated by (13) with
transition m.

In each training episode, a mini-batch of transitions D are
sampled from M based on their sampling probabilities. OCN
is first trained by minimizing the loss Z Wyt Ly (09),

where W, = [1/(|M|qn)]? is the 1mp0rtance sampling
weight with parameter 3 € [0, 1].

Then OCN calculates the action-value function with sam-
pled transitions to get the criticism V, QM (s¢, u(s|0M)]09).
After that, OAN is updated using the sampled policy gradient

| ZD VW J, where Vi J is the policy gradient calcu-
m’e
lated with sample n7’. Finally, parameters of TAN and TCN are

updated with (14). The whole process repeats till convergence.

B. Multi-Actor DDPG Based MRPRA Decision Making

In order to flexibly coordinate resource allocation among
multiple users over time horizon, we extend DDPG with only
one actor to multi-actor DDPG which works in a way of
distributed acting and centralized criticizing. It uses multiple
actors and each stands for a user to learn its own policy. This
is motivated by the idea of multi-task DDPG proposed in [29].
Here and after, terms ‘user’ and ‘actor’ are used interchange-
ably. Users who complete their data transmission earlier won’t
take actions any more but wait for the others. It is difficult to
control one single actor to perform such process. Thus it’s
necessary to use multiple actors that can flexibly control their
own actions.

The framework of multi-actor DDPG is show in Fig. 2.
At decision epoch f, each actor takes an action a; . after
observing the global state s;. Then each actor receives
an individual reward 7,(s¢,a;) under action profile a; =
(ag,1,a,2,...,a¢ 7). After processing all actors’ individual
rewards, the global reward r(s¢,a;) is obtained and stored in
a RM together with s;, a; and new global state s;1 1. Then
the critic takes a batch of samples from the RM to evaluate
each actor’s policy. And actors update their policies based on
the critic’s evaluation.

Distributed acting Centralized critizing

Evaluate
lUpdate
o (M)

w atT_'r.l(st’ar)

/ctom
()

—> it aﬁ-wz(s,,a,)

Actor 2

\

w a ity ( S
Actor U ]
d

—0(s,.a,)

Sample

a,)

Replay memory

Fig. 2. Multi-actor DDPG based MRPRA decision making framework.

The global state space S is composed of all users’ state
spaces S = 81 X Sg X ---Sy. Define the state of user u
at decision epoch ¢ as sy = (b/t,uﬁﬁt,u,;ﬂ,fw T, € D),
where b} ,, € [0,1] is the fraction of data transmitted to user
u till decision epoch 7. We can assume that each user has a
buffer of size 1, and the buffer state is b, indicating the
data amount in the buffer. The correspondirig global state at
decision epoch 7 is sy = (s¢,u, v € U).

We define action taken by user u at decision epoch ¢ as

/ ~

Qo = xf';“ SoftMax function is applied to compute z; /",
‘/Bt,u/

that is x‘pt = e -

R R P
> 1{<Pt,u/:<;0t,u}$t’2/u

u!
straint C8. The acteions profile of all users at decision epoch ¢
is a; = (a¢,u, v €U).

Theorem 2: The agent only needs to determine X. And the
J)t,uA%rEu

7, which catches con-

optimal solution of by, is b;u = = when x;fj;u is
fixed, where f(;/)t" fe,.(e)de =e1.
Proof: See Appendix E. |

After user u takes an action a;, under global state s; it
receives an individual reward 7 (s¢,a;) and a global reward
r(st,as) that the agent aims to maximize. The reward func-
tion should be designed carefully otherwise the agent hardly
learns anything. The agent aims to learn policies that mini-
mizes weighted sum of service delay under constraint C10. So
the reward function should be characterized by, a) it can cap-
ture violation of C10, b) it can coordinate resource allocation
among users according to the weight 7, ¢) it can stimulate
the agent to reduce service delay. To this end, the individ-
ual reward function and global reward function are defined

Jt uLu
20%m1n2 W u o
P{mzpuy Crou < Jt uczrflm} A / / y2/a
«@ 0 0
bt uB
Bt 2027 1n 2 AZWM * 5
P{Azf;’“ct,u < bt,uB} / / y2/e
«@ 0 0

Tt <p>0

QC/Tt#szD

S R

2/a
Biv™ " qyde  (10)

QC/rt,wp;P’u _y(26/7‘t’(p_1> /P;j—Bjy 2/a

dydec  (11)

iNg
|
)

Tt ¢>O 7j=1 J
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in (17) and (18), respectively.

61

w

614 ru(se,ar) = nu (0 i41,u — 1) + p1, (17)

615 r(st,ar) = Z ru(se,as) + pW. (18)
ueU

. _ _ J0,z>0 _

ste  Define function ¢~ (z) = {357 <0 In (17), p1 =

17 g (€2 — P{xfi’“ étu < JiuciN}) is the penalty of violating
C10. The term Uu(b/t+1,u — 1) in (17) indicates the weighted
data amount remaining to download. The agent tends to pref-
erentially serve users with large 7, to maximize (18). In order
to stimulate the agent to shorten service delay, we award bonus
pW to it, where p = 1{Vb'y41, =1,u € U} is a terminal
indicator.

After receiving a reward, each user’s state transits to

{(sl’u,u eU), if p=1

St+1l,u =

/ ~ .~
(b t+1,u, ¢t+1,uapf+1,u7 Tt4+1,00 P € (I))a else
/ —
where by, =

618

61

©

621

o

62

622

62

[}

624
625

min(b'y,y + b7 ,,, 1), if C10 is satisfied
bt u, otherwise '
Namely, user u fails to download any bits at decision epoch
t if C10 is violated. It’s noteworthy that when all users finish
data transmission, we set the new global state as the initial
one for stable state transition.

Define policies profile p (po, (s¢]0Hv), u € U).
Correspondingly, the action-value function is Q*(s¢, u|09),
and y; is
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63:

@

g = risear) + Q" (s, w109), (19)
where ' = (i (5¢41/0" ), u € U).

For actor u, the policy gradient is
Vo d = B[V, Q" (51,1109 ) Vi pr 521674, (20)

The process of multi-actor DDPG based MRPRA decision
making is given in Algorithm 2.

Line 5-line 11: Whether data transmission is finished is
checked for each user at each decision epoch. If user u
finishes transmission, it does nothing but waits for other
users. Otherwise, it outputs current action. Line 12-line 17:
The agent observes global reward and new global state
after all users take actions. Then it saves transition
(st, at, 7(st, at), s¢+1) in RM M. Line 18-line 26: The agent
trains its OCN, TCN, OANs and TANs based on the training
process in Section V-A3.

After all users finish data transmission, the current training
episode terminates and the next training episode starts.
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est C. Resource Allocation

2 The output action profile (a¢,t 1,2,...,HK) of
es3 Algorithm 2 gives the resource allocation plan in a given
es¢ prediction window. When time slot ¢ comes, the central con-

ess troller already knows {y¢ ., u € U}, it informs BS ¢y 4 to

Pt,u
rt,u

es6 schedule user u with

—7 ¢4 amount of
Y Yo w=ptule, o
7z tu bu STy

u' eUu
es7 frequency bandwidth. It’s noteworthy that user u gets resources
ess from its actual serving BS (¢ ,, instead of the predicted one.
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Algorithm 2 Multi-Actor DDPG Based MRPRA Decision
Making

Initialize: s ,, = (o,@Lu,pr,rW,@ - 1,2,..,|<1>|), 9@, gHu,

o1 u GHu 99" 09, u U replay memory M
Input: maximum training episode Emax, size of prediction window
HK, mini-batch size D

1: while episode < Emax do

2 Initialize a random process Z for action exploration

3 p+— 0,11

4 while p = 0 and ¢ < HK do

5: foru=1:Udo

6: if actor u finishes data transmission then

7 Set agy =0, ru(sg,a) =0, by, =1

8: else

9: Select action at o = ftu (stloH) + Z¢

10: end if

11: end for

12: foru=1:Udo

13: Observe reward 1y (s¢,a;) and new state sy 1 4
14: end for

15: pe Wi, —Lue u}

16: Observe global reward r(s;,a;) and new global state sy 1
17: Store transition (s¢,a, 7(s¢, a¢),s441) in M

18: Sample transitions D from M according to gm

19: Compute y; according to (19)
20: Update parameter 6 by minimizing the loss

b X WLy (09)
m'€D
21: Update L, (GQ) and rank (m/), m' €D
22: Update parameter 9@’ according to (14)
23: foru=1:Udo ,
24: Update parameter 0% with % > Vit
, m’eD

25: Update parameter 0* « according to (14)
26: end for
27: t<—t+1
28:  end while
29: end while
Output: X

This avoids wasting resources if user u is scheduled at BS
Gt but @¢ o # @t 4. If the actually transmitted data amount
of user u is less than B bits, it will be scheduled with FS after
time slot max ITy|/1 to transmit the rest data.

VI. SIMULATIONS AND ANALYSIS

We evaluate performance of the proposed mobility-aware
robust PRA method via extensive simulations. All simula-
tion parameters, unless stated otherwise, are listed in Table II.
The reactive resource allocation scheme FS is introduced for
performance comparison to observe the benefit of proactive
algorithm design. MPRA-perfect serves as the performance
upper bound. We also simulate mobility-aware non-robust
PRA (MPRA-non-robust) method to validate the robustness
of MRPRA. The only difference between MPRA-non-robust
and MPRA-perfect is that the former applies the imperfectly
predicted mobility traces to problem (4). Successful scheduling
probability (SSP) and average service delay (ASD) are taken
as the performance metrics. SSP is the probability that the
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TABLE II
SIMULATION PARAMETER SETTING

Parameter Value
Radius of simulation region 100 m
Density of MBSs (A1) 2.107°
Density of SBSs (\2) 5.107°
Transmit power of MBSs 43 dBm
Transmit power of SBSs 33 dBm
Number of users (U) 5
Noise variance (o2) -106 dBm
Size of prediction window (/) 10 frames
Size of frame (K) 100 time slots
Duration of each time slot (A) 10 ms
Memory level of GMM model (6) 0.5
Mean of velocity (9) {2,3,4,5,6} m/s
Standard variation of velocity (9) 0.2
QoS requirement (c2'™) {1,2,3,4,5,6} Mbps
Violation probability in constraint C'13 (g1) 0.1
Violation probability in constraint C'10 (g2) 0.01
Maximum training episode (Emaz) 60
Mini-batch size (D) 32
Learning rate of critic 1073
Learning rate of actors 10—3
Parameter of importance sampling weight (3) 0.5

user completes B bits data transmission within the prediction
window.

Consider a circle simulation region. Residual frequency
bandwidth at each BS is Poisson distributed with parameter
AR. The initial locations of users are uniformly distributed.
The moving direction at each frame is uniformly drawn
from [—m,7|. The velocity is updated according to Gauss—
Markov mobility (GMM) model v = 0v; + (1 —0)v +
V1 — 02¢ [32], where v; is the velocity at frame j, vj41 is
the velocity at the next frame j + 1, # € [0, 1] indicates the
memory level, ¥ and § are mean and standard variation of
velocity, ¢ is Gaussian process with zero mean and unit vari-
ance. For mobility prediction, we generate 100 trajectories for
each user as historical data. And the 101-th trajectory as the
real mobility trace. Mobility prediction accuracy is defined as
the ratio between the numbers of correctly predicted locations
over the total number of locations. HMM achieves 72.72%
prediction accuracy.

For TANs and OANs, we use sigmoid (i.e., y = 1-1-%)
as the activation function in the output layers to limit output
actions to [0, 1]. For TCN and OCN, no activation function
is used in the output layers.

We set B = 500Mbit, \p = S8MHz and study convergence
properties of Algorithm 1 and Algorithm 2. Fig. 3 shows that
Algorithm 1 converges to an optimal solution after iteration
70. Fig. 4 gives the convergence property of Algorithm 2 under
different learning rates of actors with the critic’s learning rate
being fixed to 1073, It can be found that Algorithm 2 con-
verges under all the learning rate settings. The agent learns
the best policy with the learning rate being 1073. And the
performance cannot be improved either with the learning rate
increasing to 10~2 or decreasing to 10~%. So the actors’ learn-
ing rate should be chosen properly, neither too large nor too
small. Otherwise the agent cannot learn an optimal policy.

The purpose of Fig. 5 is to validate rate distribution derived
in Theorem 1. In this simulation, a typical user moves from the

2100

s)

2000

©
o
S

©
=
S

J
o
S

1600

Weighted sum of all users’ service delay

1500 . . . . . .
0 10 20 30 40 50 60 70 80
Iteration
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Fig. 5. Comparison of rate distribution obtained from Theorem 1 and
simulation.

origin. Radius of the simulation region is set to 1000 m. Rate
CDF is computed for each time slot and the results are aver-
aged over the prediction window. We run simulation 10° times.
It’s shown that the analytic curve obtained from Theorem 1
is in quite good agreement with the simulated one and thus
Theorem 1 is validated.

Under different average residual frequency bandwidth,
Fig. 6 compares SSP and ASD for different violation probabil-
ity €1 in constraint C13. We set B = 500Mbit. SSP degrades
with €1 when A\g = 3MHz and it becomes less sensitive to 1
values with Ap increasing. ASD slightly grows with £1 under
all the \p values. In a whole, performance of the proposed
approach is degraded by large €7 values. This is because the
transmitted data amount b;u in each time slot grows with 1.
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Fig. 7. Comparison of average data rate and average service delay with
different level of mobility intensity and QoS requirement for MRPRA.

So it takes less time to have bfm = 1 with larger 1 values.
Consequently, the agent will terminate transmission for user u
and no longer plan to allocate any resources to it. However,
the actually transmitted data amount of user # may be less
than B bits. The central controller will serve it in a reactive
way, which results in large delay and low SSP.

MRPRA aims to adapt to users’ mobility intensities and
QoS requirements. Fig. 7 studies the adaptiveness. We set
B = 500Mbit and A\gp = SMHz. QoS requirement is grouped
into three levels, low (c{}’i“ € {1, 2}Mbps), mid (c‘,}‘i“ €
{3, 4}Mbps), and high (c™" € {5, 6}Mbps). The higher the
level is, the larger the data rate should be. In Fig. 7(a), the
average data rate increases with QoS requirement level under
each mobility intensity level. This indicates that MRPRA has
good adaptiveness to QoS requirements. Mobility intensity is
grouped into three levels, low (7, € [1, 4]s), mid (7, € [4, 7]s),
and high (7, € [7, 10]s). The higher the level is, the lower the
service delay should be, which is exactly the results shown in
Fig. 7(b). This indicates quite good adaptiveness of MRPRA
to mobility intensity.

With average residual frequency bandwidth Ap varying,
ASD and SSP are compared for different resource allocation
approaches under different request data amount in Fig. 8(a)
and Fig. 8(b), respectively. MPRA-perfect outperforms the
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Fig. 8. Comparison of average service delay and successful scheduling prob-
ability for different resource allocation approaches under different B values
with A varying.

other three approaches. Averagely, 16% improvement in ASD
and 232% improvement in SSP are achieved over FS. This
indicates that MPRA-perfect can serve much more users and
meanwhile shorten service delay compared to FS. Such benefit
comes from perfect prediction. Averagely, MPRA-non-robust
has 9% performance loss in ASD and 18.5% performance
loss in SSP from MPRA-perfect. MRPRA reduces the losses
in ASD and SSP to 0.9% and 7.5%, respectively. As a
whole, MRPRA performs very close to MPRA-perfect, which
indicates that MRPRA guarantees as much data traffic as
MPRA-perfect does and shortens service delay.

Performance losses of MRPRA come from imperfectly pre-
dicted trajectories. The agent gets wrong figure of interactions
among users and coordinates resource allocation improperly.
However, with 72.72% mobility prediction accuracy, MRPRA
achieves much lower performance losses than MPRA-non-
robust, which shows robustness of MRPRA.

With request data amount B varying, ASD and SSP are com-
pared for different resource allocation approaches in Fig. 9(a)
and Fig. 9(b), respectively. The more data traffic is, the more
users MPRA-perfect can serve compared to FS. But ASD gets
close to that of FS with B increasing. Under such condition,
the reactive scheme FS can be activated instead of the proac-
tive approaches for computational simplicity if we ignore SSP.
Averagely, MPRA-non-robust has 6% performance loss in
ASD and 28% performance loss in SSP from MPRA-perfect.
MRPRA reduces the losses in ASD and SSP to 1.5% and 15%,
respectively. The actually transmitted data amount is less than
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Fig. 9. Comparison of average service delay and successful scheduling
probability for different resource allocation approaches under different A p
values with B varying.

the requested because of biased mobility prediction. The num-
ber of under-served users who will be scheduled with FS grows
with B. Thus the performance of MRPRA gets close to FS with
B increasing and Ap decreasing. But MRPRA achieves much
lower performance losses than MPRA-non-robust, which ben-
efits from the robustness of MRPRA. And it’s observed that
the performance loss in SSP increases much faster than that
in ASD. This indicates that MRPRA tries to guarantee ASD
at a cost of dropping some users.

Fig. 10(a) and Fig. 10(b) respectively compare ASD and
SSP for different resource allocation methods with the num-
ber of users varying. We set B = 500Mbit. It shows that gains
in both ASD and SSP of MPRA-perfect over FS increase
with the number of users and Ap. Averagely, MPRA-non-
robust respectively has 6% and 22% performance losses from
MPRA-perfect in ASD and SSP. MRPRA reduces the losses
to 1.8% and 3.9%, respectively. And it achieves 10.5% and
more than 500% performance gains in ASD and SSP over
FS, respectively. On the whole, the performance loss in SSP
of MRPRA from MPRA-perfect keeps decreasing when the
number of users is greater than 7. However, the ASD loss
starts to increase at the tail of x-axis. We therefore conclude
that MRPRA tries to guarantee SSP at a cost of delaying some
users when the number of users grows large.

In order to validate robustness of the proposed method, we
study the impact of mobility prediction error on ASD and SSP
in Fig. 11(a) and Fig. 11(b), respectively. We set B = 500Mbit
and A\p = 3MHz. Fig. 11 shows that the performance losses of

11
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Fig. 10. Comparison of average service delay and successful scheduling
probability for different resource allocation approaches under different A p
values with number of users varying.

TABLE III
CPU TIME, ASD AND SSP UNDER DIFFERENT K VALUES
Metri K 10 20 30 100
etne Method

CPU Algorithm 1 93.19 127.18 159.91 363.5

time (s) CVX solver 347.11 | 5123.94 | 9556.55 -
. Algorithm 1 7.42 7.35 7.26 7.41

ASD (s) CVX solver 7.25 7.21 7.17 -
Algorithm 1 0.81 0.8 0.81 0.8

SSP CVX solver 0.85 0.85 0.85 -

MPRA-non-robust in both ASD and SSP from MPRA-perfect
grow sharply with prediction error. While losses of MRPRA
grow slightly and MRPRA performs very close to MPRA-
perfect. Averagely, MPRA-no-robust has 5.3% ASD loss and
33.6% SSP loss, respectively. While, MRPRA holds the losses
no greater than 1.5%. As a whole, MRPRA performs much
less sensitive to prediction error, which reflects robustness of
MRPRA.

As Algorithm 1 obtains a sub-optimal solution for
problem (4), we test the CPU time, ASD and SSP to study
the computational complexity reduction and performance loss
of Algorithm 1. The simulation platform is CPU Intel Core
15-7300HQ. We set B = 500Mbit and A\g = SMHz. Results
are shown in Table III.

CPU time of directly solving problem (4) with CVX solver
sharply increases with K. When K grows greater than 30,
the time cost of CVX solver is unaffordable and no solution
can be obtained. By comparison, solving problem (4) with
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Fig. 11. Comparison of average service delay and successful scheduling prob-
ability for different resource allocation approaches with mobility prediction
error varying.

TABLE IV
CPU TIME FOR DIFFERENT METHODS

Metric Method
MPRA- MRPRA MRPRA MPRA- FS
perfect (train) (execute) | non-robust
CPU 1 3635 | 288526 | 114 42628 | 0.03
time (s)

Algorithm 1 saves more than 73% CPU time. The average
performance losses of Algorithm 1 in ASD and SSP from
CVX solver are only 2% and 5%, respectively. In a conclu-
sion, Algorithm 1 performs much more efficiently than CVX
solver.

We also test CPU time for MRPRA, MPRA-non-robust
and FS for computational complexity comparison. We set
B = 500Mbit and \g = SMHz. Results are shown in Table IV.

FS achieves the lowest CPU time. However, Fig. 8-11
show that it performs worst in both terms of ASD and SSP.
MRPRA uses multi-actor DDPG algorithm to make decisions.
It takes about 8 times as much CPU time as MPRA-perfect
and MPRA-non-robust to train multi-actor DDPG. Fortunately,
DRL is characterized by “Once trained, run everywhere”. Once
numbers of inputs and action outputs of multi-actor DDPG
are fixed, whenever the environment which contains R’ £ B,
users’ trajectories, changes, it can immediately make deci-
sions for MRPRA after being well trained. It takes only 1.14
seconds to execute MRPRA. However, MPRA-perfect and
MPRA-non-robust need to solve problem (4) again to get the
resource allocation plans. Besides, MRPRA performs close
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to MPRA-perfect compared to FS and MPRA-non-robust.
MRPRA is therefore time efficient and robust.

VII. CONCLUSION

In this paper, we have studied how to efficiently exploit
prediction and how to handle prediction uncertainty for PRA
optimization. Only coarse predicted information is needed. We
have modeled PRA with perfect prediction as a mixed inte-
ger convex problem to provide a performance upper bound
for robust PRA method design. Users’ mobility traces are
predicted by HMM. To make PRA robust against prediction
uncertainty, PCP is utilized to formulate the constraints accom-
modating the predicted uncertain achievable rate in a prob-
abilistic form. And the rate distribution is derived. We have
further modeled robust PRA optimization as a MDP and solved
it with our designed multi-actor DDPG algorithm. Simulations
demonstrate that the proposed approach has good adaptive-
ness to users’ rate requirements and mobility intensities. The
derived PDF of achievable rate is validated. Moreover, it’s
found that the reactive resource allocation scheme can be
performed instead of the proactive one when the available
frequency bandwidth is insufficient for computational sim-
plicity. And the proposed method achieves robustness and
efficiency.

APPENDIX A
PROOF OF PROPOSITION 1

Proof of Necessity: Might as well divide B into the sum
of variables By, > 0, 1 2,...,HK. Then constraint

C4 can be rewritten by Z (A:c% “ —Biyu) > 0.

As both :c‘m “ and B, are no less than zero, we can get
Bt,u
B

Axt u‘”ct w = B, Vt. By normalizing By to by y =
P, 2w ¢t > by B,Vt, which is constraint C11.

Obviously S°K 4, ,, = 1, which is constraint C12.
Proof of Sufficiency: Summing both sides of the inequal-
ity in C11 we can get S HE QD‘ ‘e SR b, B

P,
$t7uu Ctou = B,

we can get Az,

Substituting C12 into the result glves Zt:l A
which is constraint C4.

APPENDIX B
PROOF OF LEMMA 1

Yt,u 1s 1i.d. among users and time slots, so we omit
subscripts of index ¢ and u in the following notations.
[31, Lemma 3] gives the PDF fp, (d) = 2%kt e=mBid® of
distance D}, between the user and its serving BS in tier k for
max SNR association, where

1
S (R

A= |147= 1,j#k

’ A (P)?/

is the probability that the user associates with the k-th tier.

Define Y}, = Dy*. The PDF of Y}, is derived from fp, (d)

27\ — 2/04
as fYk( ) TFAIcyQ/a 1 Bry
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Assume that the channel experiences Rayleigh fading. The
channel power gain G = |h|? is exponentially distributed with
unit mean. And its PDF is fq(g) = e 9.

Define Z;, = g Since random variables Y3 and G are
independent, the PDF f7,(2) of Z, is derived as

ﬁ@@)bémyﬂﬂydfniwdy

o0 2T A ol
:/ ye ¥* Z bytfog=Biy?® 2 y1/o1g,
k «

 9Ja —yz—Buy?/e
/ Yy eTVET IR dy.
0

The achievable spectral efficiency when the user asso-
ciates with the k-th tier is 4, = logo(1l+ P’“Z’“). Its
cumulative distribution function (CDF) is P{7; < &}

0
ZWAk
aAk

P{Z; < @SL} Thus the CDF of 7 is given by
Fy (&) =P{y <&}
(25 - 1)0—2
=P Zp < —————
SR
2 (25 - 1)02
—S 4z < T
Py
k=1
The differential of F, (&) gives the PDF f, (&) of ¥
_ 4dF(9)
h(&) = i

2 26 —1)02 \ o2
> Awtz, <( Pk)a )%2%@
k=1

2
= Z w /oo y2/oce*y(ngl)f’z/Pk*BkyQ/a dy.
—1 Ocpk 0
APPENDIX C
PROOF OF LEMMA 2
Since RQ’ @ is deterministic, the probability pf’u £

P{Ryy = riplt, 0 =1,2,...,|®|} that user u has Ry, =
Tt available frequency bandwidth in time slot 7 is equal to
the probability P{¢, , = ¢|t, R} o =Tt} that user u asso-
ciates with BS ¢ which has R] o = Ttp residual frequency
bandwidth in given time slot ¢. Matrix B gives the prior prob-
ability P{t|@¢ . = ¢, R} . = Tt} Applying Bayes formula
gives the posterior probability P{p; , = ¢|t, R} o =Ttet =

PUIGLu=0, Ry o =T }p(0) which is equal to the PMF

2 P B{HGnu=¢" Ry =71 o }
Ap 'ed

pf,, of Ry, where p(¢) can be obtained in matrix A.

APPENDIX D
PROOF OF THEOREM 1
The maximum achievable rate Ct, for user u in time slot
tis Cyy = ”?Rt’u, which is a product of a continuous ran-
dom variable and a discrete random variable. The CDF of the
product of mixed type random variables can be calculated by

Fct’u(c) = ]P{Ct,u < C}

> P{Riu=rtplt,o=1,2,...,
Tt,¢>0

@[}

13

xﬁiﬁmaa
() Z ptu/ Tt’@ .

where (a) follows by applying £ = . Then calculating the
differential of Fi¢, ,(c) gives the PDF fOt (¢) of Ctu

pf c

U

oo = X rp (L),
rt.9>0 t,p t,p

Plugging (7) and (8) into (21) gives

y2/a Z Z
7t,0>0 tp

1MW&wa”%@.

2

2627 1n 2 2¢/m, ‘Pp

o
« /0

x exp{—y(2°/m¢ —

fo,.(e) =

APPENDIX E
PROOF OF THEOREM 2

In problem (6), J and T are auxiliary variables to help for-
mulate problem (6) in a standard form. So when we solve
problem (6) in a RL way, J and T can be ignored.

We express the probability in C13 as a function of 1

F@) = P{AC] "%y 0 < biuB)
- [ teu oy
0
where ) = % f(%) is monotone increasing with by 4.
t,u
To minimize service delay, the agent will prompt b,’5 o = 1 for

all users. So when :c% “ is fixed, the optimal solution bt u Of

bty is the maximum value of by, that satisfies constraint Cl13.

i i R
Thus solving equation f(¢)) = &1 gives bf, = ——Fp5~*—,
where [;"" fo, . (c)dc = &1 and 4y, can be obtained

from (11). In conclusion, the agent only needs to determine X.
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