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Abstract—In a centralized or cloud radio access network,
certain portions of the digital baseband processing of a gnap
of several radio access points are processed at a central dat
center. Centralization improves the flexibility, scalabiity, and
utilization of computational assets. However, the performnce
depends critically on how the limited data processing resaees
are allocated to serve the needs of the different wireless diees.
As the processing load imposed by each device depends on its a
located transmission rate and channel quality, the rate-dbcation i Fronthadl/backhau!
aspect of the scheduling should take into account the avaltée
computing resources. In this paper, two computationally aware
schedulers are proposed that have the objective of maximizg the
system sum-rate while satisfying a constraint on the offeid com-
putational load. The first scheduler optimally allocates reources
and is implemented according to a water-filling algorithm. The
second scheduler is suboptimal, but uses a simpler and intixe
complexity-cut-off approach. The performance of both schdulers
is evaluated using an LTE-compliant system level simulatorlt Fig. 1. An exemplary Cloud-RAN architecture.
is found that both schedulers avoid outages that are causedyb
an overflow of computational load (i.e., computational outges)

Cloud RAN platform

Virtualized RAP functions

Virtual infrastructure

at the cost of a slight loss of sum-rate. network (often also referred to as fronthaul) to the Cloud-
RAN platform, which executes the upper parts of the protocol
. INTRODUCTION stack (denoted awirtualized RAP functions The virtual

The 8" generation of mobile communication networks wilinfrastructure provides on-demand computing resources, e
be accompanied by a paradigm shift towards virtualizatidi form of processors, to the virtual RAPS| [3].] [4]. For this
and “cloudification”. This trend is already underway: Netiwo Paper, it is important to note that the forward error coiicect
Function Virtualization (NFV) is being developed (see, fofFEC), which is amongst the most computationally intensive
example, use case #6 inl [1]), while requirements studies BAN functions, is executed on the Cloud-RAN platform.
5G consider network and service flexibility as one of the key The Cloud-RAN platform may dynamically assign data
requirements[]2]. One technology that offers this flexipili processing resources to each RAP based on its processing
in the radio access network (RAN) i€loud-RAN which demand. This implies the need for a mechanism which es-
centralizes part of the radio network functions in order témates the computational load of the aggregated cells and
exploit centralization and coordination gains [3]. assures that the computational resources are sufficient. In

In a Cloud-RAN network, the radio protocol stack is ex[®], Zhu et al. demonstrate the general feasibility of this
ecuted by different physical entities. For a given group @Pproach with a WiMAX base station implemented on general
cells, the lower parts of the protocol stack are executed Rirpose processors (GPPs). [In [6], Bhaumikal. provide a
the radio access points (RAPs), while the upper parts dremerical analysis of the required data processing ressuec
executed at a central entity, called tBéoud-RAN platform operate a 3GPP LTE RAN protocol stack. In [7], Werthmann
The RAPs use dedicated hardware, while the Cloud-RAN m&y al- present a method based on admission control to manage
be implemented with commodity general-purpose hardwatge required data processing resources of a fully cenéaliz
Fig.d illustrates the high-level architecture of a CloudMR RAN. In [8], [9], we investigate the trade-off between intexb

system. The physical RAPs are connected via a backh&@gta processing resources and achievable data ratesg takin
into account specifically the processing requirements ef th
The research leading to these results has received parlyiniy from FEC on the uplink. Using this framework, the system can be
the European Union Seventh Framework Programme (FP7/2003) under gimensioned according to the probability that the systesi ha
grant agreement®n317941 (www.ict-ijoin.eu). The authors would like to . . . . ..
acknowledge the contributions of their colleagues in iJGilthough the views insufficient data processing resources to process all imypm
expressed are those of the authors and do not necessariégeapthe project. transmissions, a condition that is calle@mputational outage
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In order to avoid a scenario where uplink transmissionghere( is a parameter of the model related to the connectivity
are dropped due to computational outage, this paper preposkthe decoder when represented as a graph,

two resource-allocation strategies, which allocate resesito K’

uplink users under a computational-complexity constraittt K (échanne) ——, 2
the goal of maximizing the overall throughput of the network 0g, (€channe)

By resource allocationve refer to the allocation of rate to each v, r) = logy [logy (1 + k) =il ®)

user. Due to the correspondence between rate and computais a parameter of the model, aAghannelis a constraint on
tional load [8], [9], the rate allocation problem is equs#a the channel outage probability. The set of parameféfs ¢}

to allocating computational resources. The formulaticaadte s selected by calibrating(1) with an actual turbo-decoder
to a water-filling approach to the allocation. implementation or message-passing decoder. In the reevaind

The paper is organized as follows. Sectloh Il introducest this paper, we use the abbreviatiép = C(vx, %)
the system model and computational complexity framework.

Section[Tll derives the resource allocation strategies- Se Ill. RESOURCEMANAGEMENT IN CLOUD-RAN
tion [IV] describes the system-level simulator and provides a

comparison of two scheduling strategies and a benChm%rrll(Tg;irzzlcs\c/)z:te??ilgliigz islhi?jﬁg'gomt;véﬂzndtirew?g;g Z';
algorithm. The paper concludes in Sec V. A
g pap oh drawn from a continuum of possible rates. Next, in $ec.]II-B

Il. SYSTEM MODEL the optimization is modified to account for the more prattica
Consider a system withV, RAPs, which are centrally case of having an MCS scheme with only finite number of
processed at the Cloud-RAN platform. For the sake of ppssible rates to pick from. Finally, in Séc. l-C, an aftative
simplified notation, assume that each RAP serves exad®v-complexity resource-allocation strategy is propotbed is
one user equipment (UE) over the complete bandwidth. Thiz@ased on an intuitive complexity cut-off approach.
however, does not limit the applicability of the algorithms
as they operate on a per-user level and therefore can ealilyMax-Rate Optimization Problem

be extended to the case of mutiple users per RAP. Thegyppose that the Cloud-RAN platform supports a maximum
channel gain between RAP and UE remains fixed during ea&ﬁ\nputational complexitfserves i-€., > Ck < Cserver MUSt
scheduled transmission (e.g., eacbframg, and the channel ho|d. Further, assume that the set of allocated rates may be
is subject to additive white Gaussian noise. The instamta®e qrawn from a continuum of possibilities. Our objective is
signal-to-interference-and-noise ratio (SINR) betwedPR: {5 maximize the sum-rate of the system while avoiding any

and its UE for a transmission is given hy. The RAP chooses computational outage, which can be formalized as follows:
a data rate, < log(1 + 7%) (in units of bits per channel use

(bpcu)) from a discrete set a¥r available modulation-and- Ropt = argmax Z Tk, (4)
coding schemes (MCSs). L&; = {r1,...rn,} be the set of rRER

rates allocated to each uplink for thi& resource allocation s.t. Z Ci < Cserves

strategy. Then, the s®* = {R4,... Ry, } with Ny < N5° er

denotes the set of all feasible rate allocations.

In [8], [9], the concept ofcomputational outageand the
trade-off betweeromputational complexitgnd data rate was
discussed using the model introduced by Groeeéral. in
[10Q]. For turbo-decoding (as e.g. used in LTE), the number . .
turbo-iterations required to successfully decode a codéwJateS' I_n order_to SOIVGDG)’ the partial derivatigey/ 67%_
for a particular SINR~; depends strongly on the selected® reqwr_ed, Wh'Ch determines how mu_ch the computational
data rater,. If 7, is chosen close to the channel capacitcomplex'ty varies when the data rate is changed. However,

log(1 + ~x), on average a large number of iterations will b%ﬁe deri\_/at_ive .Otk is rather complex and difficult to apply i.n
required. However, as the allocateddecreases for the given S op.tlmlzl_auon_pr?blemiz Therefore,hva L(ste the li[ollcl);/vmg
SINR, the number of required iterations also decreases. T‘Hgﬁﬁ;'g:ril I?r?:li?:&?gcoo(fvﬁﬁgkgﬁa\r sli(';' 0€s not aiter
overall computational complexity to process one codeword? y y ysis:

scales with the num_ber qf information bits thf';lt are procrdass_e (e, %) =~ apry + by, (5)
and the number of iterations. The computational complexity

can be computed as the product of the information bits alie"e

whereR’ is the set of all rate allocations satisfyifg< r; <
log(1 + ) for all k.

This scheduling problem implies a trade-off between the
g}vested computational complexity and the gained achievab

turbo-iterations required, divided by the number of channe a Mk, ) _ -1
uses, i.e. bit-iterations per channel use (pcu). or, log(2) [logy (1 + &) — 7]
This relationship is formalized by [9, Eq. (3)] b, = 1og, [logy (1 + vk) — 7] — akrs.
Tk (-2 > Usi -
Cve, 7)) = ———[lo =% ) =2y, ’ sing [B), we can rewritd [1) as
(Ve ) ogy (C—1) [log, <K(€channe)4 (Vi 7x)]

1) Cr ~ oury+ Birk, (6)



where served with higher assignable rates.

2ay Another drawback of[{4) is that it does not assign the
Xk = “log, (C—1) computational resources in a fair manner. In particulag, th
1 ¢ — aforementioned solution always favors those users that hav
= —— |lo = — 20| . a higher SINR and it allows them to transmit at the highest
o log, ((—1) [ 52 (K(Echannebf) k} 9 | " ! 9

rates, as can be seen from functi¢n-), while the other users
Theorem 1:The solution to the rate allocation problem immight be dropped.

@) can be well approximated by In order to schedule the rates more fairly from the set of
1 1 + allowed values, the following iterative procedure can bedus
T day (5 B ﬁ’“) ’ () 1) Initialization:

a) SetR such that each usérreceives the maximum

<p< <
where0 <7 <1/8; and > Ci < Cserver possible rater.

TLER

Proof: The proof foIIc’;vf/s similar arguments and method- b) Setr, = 0 for all users for which[(II2) is satisfied.
ology of the power allocation problem [11], which leads te th  2) Recursion: If 3" Ci > Cserverthen
well knownwater-filling method. The details of the derivation TRER
are provided in AppendikJA. ] a) Compute[(11) for each user and seletcuser with

In (7) the parametet /n determines the water-level, which the highest valuek* = argmax; \/4aCy + f3.

decides whether a UE is served or not, wifileis the cost (in b) Decrease the rate for useto the next lower MCS
terms of complexity) of transmitting. If the difference tveen and updater accordingly.
the selected rate, and the capacitjog(1+1x) is small, then  3) Decision:
the term gy become; very large (due to the large slope of a) Halt the process if > Cj, < Ceever Otherwise,
ar). Hence, the UE is unlikely to be served. The parameter TRER
oy scales the rate, i.e. if again the ratg operates close go back to stepl2.

to capacity,«; will be also very large and therefore scales 4) Attempt to serve dropped users:
down the assigned data rate in order to reduce the necessary  a) Find the users for which;, = 0 and among them
computational complexity. find k* such thatt* = argmax;, \/4aCy, + 3.
b) Assign to the usek* the rate provided in 1.a and
updateR accordingly.
The solution of[(#) is not practical in the more realisticeas c) Halt the process if Y. Cr > Cserves Otherwise go
that the allocated rate must be drawn from among a finite set i E€R
of discrete MCS levels. Assume now that the allocation ig ove back to[4h. If 5. Cr > Cserversetry- = 0, and

B. Application to Limited Number of Rates and Multiple Users

the setR* = {R4,...Rn,} of feasible discrete allocations. updateR accorrlaeiﬁgly,
The discretized allocation may be stated as: In the previously described method, step 1-3 iteratively re
@ 1 (1 duce the MCS for the user with the highest valudof (11), until
Tk = 20 (5 - ﬁk) ®)  the complexity constraint is satisfied. Siép 4 attempts s@as
5 eventual remaining computational resources to those tisatrs
O Gk n <i) B (9) Were dropped even though their MCS were sufficiently high.
- Qg 20, 200, In the following, we refer to this process asheduling with

where (a) follows from Theoren{lL assuming that< , < Water-filing (SWF)
1/Bx and(b) results from[(B), assuming there is no constrait Complexity Cut-Off
on the computational complexity. Note that [ (9) and in the’

following equations(, is evaluated by[{1). In thi; section, we introduce a slightlly simpler a_nd in'ue'ti.
Combining [8) and[{9), we can further state that scheduling method. Instead of applyirid (7), which requires
the linearization described if](5) in order to determine the
1 Cy, B \?2 parametersy, and 5, we select the users with the highest

; = 20 g + (27%) (10) complexity and reduce their MCS (and associated rafe

until the sum-complexity constraiieneris fulfilled. In this
= /40,0 + ﬁ%, (11) case an iterative method, similar to one described in[SEB] II

. : . can be used, which works as follows:
which gives us the required water-level for each user.

Equations[{l1) andR1)(> 1/8, = ry, = 0) yield 1) Initialization: SetR such that each usér receives the
maximum possible ratey,
\/ 4G + B2 > B, = 1 =0, (12) 2) Recursion: If > Ci > Cserverthen
rLER
which is a condition that makes sure that the computational a) Select the usek* with the highest complexity:

resources released are invested to those users, which can be k* = argmaxy, Cy,



b) Decrease the rate for ugeto the next lower MCS %
and updateR accordingly

3) Decision: Halt the process ify, Cr < Cserver Other-
rrER

25

N
=]
T

wise, go back to step 2.

As the result of this procedure, we obtain a rate allocation
R € R* which satisfies the complexity constraint and
always reduces the rate of those users that require therhighe
complexity. The main difference to the previously discdsse

Distance [Km]
.
@

[
)
T

allocation algorithm is that this is not necessarily sutera st
optimal. However, it is still very efficient as we will discis
in the next section. In the following, we refer to this method 0 :
asscheduling with complexity cut-off (SCC) Distance [km)
IV. SYSTEM-LEVEL EVALUATION Fig. 2. BS locations with centrally processed RAPs highéghin yellow.
In this section, we evaluate the performance of the proposed TABLE |
resource allocation strategies in terms of complexity amd-s MAIN PARAMETERS FOR THE SYSTEM LEVEL EVALUATION
rate. The performance of SWF, provided in SEc.1II-B, i _
compared against SCC, described in $ec. JlI-C. In additior,gp"’m‘.’j:I d'?tﬂtéunon Of.?sers ip_Pl UEsim?
the schedule_rs are compar_ed agains'F thg benchmark maxim Jrﬁztr;]s:gsg expoﬁgatum area S — 37 SHm
rate scheduling (MRS) policy [8], which is the schedulerttha"Number of centrally processed RAPY N, = 10
simply sets each, to its maximum value by selecting the ["Computational outage e=[10,1,0.1]%
maximimum rate that satisfies the outage constraint @ftgy, Channel outage constraint €channel= 10 %
decoder iterations for the given SINR. The comparisons are | Fading Rayleigh
made by using a system-level simulator that is compliart wit|_Fractional Power-Control Factor 5=0.1
the 3GPP LTE standard. Transmit power Po = 10W
Noise power W =100 mW
A. System-Level Simulator Simulation trials Nuias = 107

We assume a 3GPP LTE system using adaptive modulation
and coding based on turbo codes with overall 27 distinct MC88stributed according to a Poisson point process (PPP) with

(Ngr = 27). The rate of the” MCS is given by [[9] intensity A users pekm?.
AR Let Y}, indicate thek*® RAP that serves a cell with area
r; = log, (1 + f) ; (13) A, and its location, andy,, indicate the UE served by the

k" RAP and its location. We assume the path loss from a
where v/t indicates the minimum SINR for which th&" mobile X, to a BSY;, is |[Y — X|~“, wherea is the path-loss
MCS satisfies on average an outage constraint aftef theth  exponent. When fractional power control is used, a mobile’s
iteration, whilev is a parameter that models the gap betweeransmit power isP, = Py|Y; — Xi|5¢, where Py is the
the capacity aty/* and the SINR for the actual code to meeteference power (which is assumed as the power received
the performance objective at rate. In the following, it is at unit distance from the transmitter) ard0 < s < 1, is
assumed thal .« = 8. The value ofy7 for each MCS can the compensation factor for fractional power control. le th
be obtained as follows. Simulations are used to obtainp@ms following, we assume = 0.1, which is the value reported in
block error rate (TBLER) curves for each possible MCS bfi2] that maximizes the sum throughput.
setting an upper bound on the maximum number of turbo-The fading power gain fromX; to Y, is assumed to be
iterations. For the** MCS, v is selected to be the value ofexponentially distributed with unit mean, corresponding t
SINR for which the TBLER satisfies a particular constrairRayleigh fading. Furthermore, assume that the fading power
for the channel outag&nanne gains remain fixed for the duration of a transmission, buy var

The parameter together with the complexity model pa-from user to user and from one transport block (TB) to the
rameters{ K’, ¢} are selected by statistically fitting the modehext (block fading).
with an actual LTE turbo-decoder. In particular, from [9fth The sum-rate and the sum-complexity of the system are
best fit is given forK’ = 0.2, ( = 6, andv = 0.2 dB. used in the following as performance metrics to compare the

We consider a network composed &f,s = 129 base proposed allocation strategies with the benchmark sckedul
stations (BSs) shown in Fidl 2, which is a segment of tHgoth performance metrics are evaluated through simulation
actual deployment by a major provider in the UK E00 for each of the allocation strategies under examination as
MHz over a square arena 8f) x 30 km?. Assume that the follows. During each trial, a mobile is placed at random ia th
Cloud-RAN platform centrally processes the uplink signals’” cell with probability1 —exp(—\.Aj). Once the mobiles are
from the N. = 10 cells highlighted in yellow and the UEs areplaced, the fading coefficients are drawn from an exponlentia
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distribution and the SINR at each of the RAPs is computed. computational complexity is significantly reduced by dimen
By applying a given allocation strategy, we find the selectédoning the system to an higher computational outage, time su
MCS for each RAP and the corresponding rate based on fige only decreases slightly for both SWF and SCC, i.e. the
quality of the channel. Using (1), the complexity require@verage sum-rate only decreasesaby).28 % for e = 10%
to process the uplink signal of each UE is evaluated. TR&d by~ 0.07% for e = 0.1%, as illustrated by Fid.13(b).
sum-rate and sum-complexity are now computed by summingThis shows the efficiency of the proposed schedulers, which
up respectively the rates and complexity for al. RAPs. impact the achievable sum-rate only marginally, while they
Once the allocation algorithm is applied,¥t, Cj. > Cserves @ reduce the required computational resources significals
computational outage occurs and the sum-rate is set to zetBermore, Figl 13 shows that the introduced schedulers dee ab
) to completely avoid any computational outage, which would
B. Numerical Results lead in the worst case to drop the connection of UEs. Even
In this subsection, the parameters summarized in Table | @®ne solution could be to dimension the system for a very
used in the system-level simulator, if not otherwise stated low computational outage, i.e = 107°%, the drawback
Fig.[3 shows the cumulative distribution function (CDF) ofs that the system will be significantly over-provisionedian
both the achieved sum-rate and the required computationadst of the time the allocated resources are under-utilBgd
complexity overN,. = 10 RAPs. The figure shows the curvesontrast, our schedulers allow to avoid computational geita
for both SWF and SCC, when the system is designed such tiviile maintaining a high server utilization.
e =10%,1%,0.1 % computational outage holds (the notches Fig. [4 shows the sum-rate as a function of the number
in the magnification of Fig[]3(a) show the correspondingf RAPs, which are centrally processed at the Cloud-RAN
value of Cserve). Each of these values translates into a peaglatform. The performance figures are shown for SWF and
requirement for computing resources given the respecti8C as well as for MRS, which does not account for the
outage constraint. Fifl] 3 shows as a benchmark the curve domputational constraint. Fid. 4 shows the impact of the
the unconstrained case, which selects the maximum possitdenputational outage targets on the different schedukss.
rate that can be used since there is no computational conistrét can be noticed, for all values alV., the impact of the
Fig. [3(a) shows that a stronger constraint on the availallenstraint on the computational resources is marginaltfer t
computational resources implies higher computationageit computational aware schedulers. By contraste éiscreases,
More importantly, this figure highlights that while the réed the impact on a system, which uses MRS, increases linearly



with e due to the increasing computational outage. Furthdgsing the Karush-Kuhn-Tucker conditions, it follows that

more, the magnification in Fid] 4 shows that there is only a
marginal difference between SWF and the SCC, emphasizing
the fact that the less complex SCC algorithm achieves almost
the same performance as SWF.

In mobile networks, it may happen that the traffic demand
differs significantly over time. In this case the system ekpe

oL
Vh: ot = 0= 146y =1 (2r, + 5) (15)
k
Z Cr. < Cserver=12>0 (16)
rLER
VE:rp >0 = VO, > 0: Opry = 0. (17)

ences traffic peaks, e.g. when many people leave or join theFirst, lets assume thaj, # 0 =— ©, = 0, which follows
metro or an event. This may lead to cases where the systgom (17). Using [(Ib) and settin§;, = 0, it yields

experiences a higher computational demand than usual. Fig.
shows the sum-rate of SWF, SCC and MRS as function of

1 = nQakrg + Br) - (18)

the density of UEs per kirwhen the maximum computationalFrom [I8) using[(6), it follows that (witly > 0)

resources available lead to a computational outad® & and
0.1% in the case of\ = 0.5 UEs/kn?. Fig.[8 shows the ability
of our proposed schedulers to provide services to all thesuse
while slightly reducing the system-throughput. Furthereyd

(19)

Tk

1 /1 *
EACROR

Lets consider the case whéh, £ 0 — r; = 0, which

is shown that the proposed scheduling algorithms are ableggain follows from [(I7). Usind (15) and, = 0, it yields

accommodate the increasing traffic demand, while the MRS
suffers gradually from the higher computational outage.

V. CONCLUSIONS

The computational complexity of RAN functions is one
of the main obstacles for the introduction of cloud co
puting principles into the mobile network radio access.
this paper, we have developed a framework, which solves
the user resource allocation problem under the assumptiét
of limited computational resources in a centralized cloug,
platform. We showed that the underlying optimization pesbl [3]
can be solved with an adapted water-filling approach, making
it feasible to fulfill the strict timing requirements of thare-
less access (e.g., several milliseconds in LTE). Furthezmo [4]
we have shown that an intuitive complexity-cut-off appioac
delivers near-to-optimal results as well. Finally, the muival
evaluation confirms that meeting computational complexity
constraints does not lead to significant penalties in teris ¢!
throughput, a fact which underlines the applicability oé th
approach in practical systems.

(6]
APPENDIXA
PROOF OFTHEOREMII]

Proof: This section provides details leading to the solu{7]
tion of the optimization problem given bf/(4). Since bdth (6)
and the constrained functions {0 (4) have continuous first pa
tial derivatives, this problem can be solved through thehmet
of Lagrange multipliers. Given the Lagrange multiplierand
©® = {04, ...,0x.}, the Lagrangian can be written as follows [g]

< ch —Cserver> —tr[©@diag(rx)] . [10]
rLER

(8]

L(RvnaQ) = —ZTIH-W
rrER

The partial derivative of the Lagrangian over is [11]
oL ICy,
g7 =k [12]
aTk 1 + n 87’k ©

-1+ Qagry + Br) — ©. (14)

140y = nPk. (20)
From [20) and since in this cag®, > 0, it follows that
1
n>—. (22)

k

n:%y combining [I9) and(21), Theorenh 1 is obtained. m
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