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Abstract—The cloud radio access network (C-RAN) provides
high spectral and energy efficiency performances, low expeii
tures and intelligent centralized system structures to opetors,
which has attracted intense interests in both academia and
industry. In this paper, a hybrid coordinated multi-point t rans-
mission (H-CoMP) scheme is designed for the downlink trans-
mission in C-RANSs, which fulfills the flexible tradeoff betwesn
cooperation gain and fronthaul consumption. The queue-awa
power and rate allocation with constraints of average fronhaul
consumption for the delay-sensitive traffic are formulatedas an
infinite horizon constrained partially observed Markov dedsion
process (POMDP), which takes both the urgent queue state
information (QSI) and the imperfect channel state information
at transmitters (CSIT) into account. To deal with the curse of
dimensionalityinvolved with the equivalent Bellman equation, the
linear approximation of post-decision value functions is tilized.
A stochastic gradient algorithm is presented to allocate th
gueue-aware power and transmission rate with H-CoMP, which
is robust against unpredicted traffic arrivals and uncertainties
caused by the imperfect CSIT. Furthermore, to substantialy
reduce the computing complexity, an online learning algothm is
proposed to estimate the per-queue post-decision value fations
and update the Lagrange multipliers. The simulation resuls
demonstrate performance gains of the proposed stochastiaay
dient algorithms, and confirm the asymptotical convergenceof
the proposed online learning algorithm.

Index Terms—Queue-aware resource allocation, hybrid coordi-
nated multi-point transmission, fronthaul limitation, cl oud radio
access networks.

|I. INTRODUCTION

I T is estimated that the demand for high-speed mobi

data traffic, such as high-quality wireless video streamin

social networking and machine-to-machine communication

will get 1000 times increase by 2020l [1], which requires
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Fig. 1. C-RAN architecture

revolutionary approach involving new wireless networkharc
tectures as well as advanced signal processing and netwgorki
technologies. As key components of heterogeneous networks
(HetNets), low power nodes (LPNs) are deployed within the
coverage of macro base stations (MBSs) and share the same
frequency band to increase the capacity of cellular netaork
in dense areas with high traffic demands. Unfortunately, the
aggressive reuse of limited radio spectrum will result wese
inter-cell interference and unacceptable degradatioystem
performances. Therefore, it is critical to control inteefiece
lirérough advanced signal processing techniques to fully un-
leash the potential gains of HetNets. As an integral part of
ﬁ1e LTE-Advanced (LTE-A) standards, the coordinated multi
%bint transmission (CoMP) technique targets the suppressi
of the inter-cell interference and quality of service (QoS)
improvement for the cell-edge UEs. However, CoMP is faced
with some disadvantages and challenges in real HetNets. The
performance gain of CoMP highly depends on the perfect
knowledge of channel state information (CSI) and the tight
synchronization, both of which pose strict restrictionstba
backhaul of LPNs. To manipulate the high density of LPNs
with lowest capital expenditure (CAPEX) and operational ex
penditure (OPEX) effectively, the cloud radio access netwo
(C-RAN) was proposed in_[2] to enhance spectral efficiency
and energy efficiency performances and has recently atttact
intense interest in both academia and industry.

As depicted in Fig[l1, the remote radio heads (RRHs) are
only configured with the front radio frequency (RF) and sienpl
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symbol processing functionalities, while the other basdbaprivately used to get more performance gains. Borrowing the
physical processing and procedures of the upper layers atea in [11], the authors of [12] proposed a soft switching
executed jointly in the baseband unit (BBU) pool for UEstrategy between the JP-CoMP and CB-CoMP modes under
associating with RRHs. The LPNs are simplified as RRHspacity-limited backhaul. Considering the high comgiexi
through connecting to a “signal processing cloud” with highand the large signaling overhead, a distributed hard simiich
speed fronthaul links. To coordinate the cross-tier imtenice strategy was also proposed in [12]. To achieve a tradeoff
between RRHs and MBSs effectively, the BBU pool is intebetween diversity and multiplexing gains of multiple amtas
faced to MBSs. Such a distributed deployment and centrdhlizand high spectral efficiency, the authors ofl[13] studiechbot
processing architecture facilitates the implementatfddaMP the dynamic partial JP.-COMP and its corresponding resource
[3] amongst RRHs of C-RANs as well as provides ubiquitowslocation in a clustered CoMP cellular networks. Gengrall
networks coverage with MBSs. Since all the RRHs in C-RAN®r the C-RANSs, the potential high spectral efficiency gain
are connected to the BBU pool, the CoMP can be realizefl CoMP largely depends on the quality of obtained channel
through virtual beamforming and the beamformers can Iséate information at transmitters (CSIT) as well as the fron
calculated in BBU pool. Specifically, the CoMP in downlinkhaul consumption. I [14], channel prediction usefulneas
C-RANSs can be characterized into two classes [4]: joint pranalyzed and compared with channel estimation in downlink
cessing (JP) and coordinated beamforming (CB). For JP, tBeMP systems with backhaul latency in time-varying chan-
traffic payload is shared and transmitted jointly by all RRHsels, considering both the centralized and decentrali®d J
within the CoMP cluster[[5], which means multiple deliveryfCoMP as well as the CB-CoMP.
of the same traffic payload from the centralized BBU pool However, the aforementioned works only focus on physical
to each cooperative RRH through capacity-limited fronthalayer performance of spectral efficiency or energy efficjenc
links. As for the CB, the traffic payload is only transmittechnd ignore the bursty traffic arrival as well as the delay
by the serving RRH, but the corresponding beamformer fisquirement of delay-sensitive traffic. Therefore, theultésy
jointly calculated at the centralized BBU pool to coordmatcontrol policy is adaptive to the channel state information
the interference to all other UEs within the CoMP clustgICSI) only and cannot guarantee good delay performance for
[6]. Obviously, JP achieves higher average spectrum effigie delay-sensitive applications. In general, since the CSilcco
than CB does at the expense of more fronthaul consumptignovide information regarding the channel opportunity lehi
while CB requires more antennas equipped with each RRHtte queue state information (QSI) could indicate the urgenc
achieve the full intra-cluster interference coordinatiblow- of the traffic flows, the queue-aware resource allocatiomisho
ever, the practical non-ideal fronthaul with limited capac be adaptive to both the CSI and QSI. Furthermore, as the CSIT
restricts the overall performances of CoMP in C-RANS.  cannot be perfect in real systems, and systematic packeserr
occur when the allocated data rate exceeds the instantsneou
mutual information. Therefore, the issue of robustnesiaga
A. Related Works the uncertainty incurred by imperfect CSIT should also be
There exists lots of literatures aiming to alleviate theonsidered in the resource allocation optimization.
fronthaul requirement of JP without the loss of interfenc There already have some research efforts on the queue-
exploitation. The authors of [7] proposed a dynamic clugsware dynamic resource allocation in stochastic wirelets n
tered multi-cell cooperation scheme to substantially cedhe works. In paper[[15], the authors proposed a mixed timescale
backhaul consumption by imposing restriction on the clustdelay-optimal dynamic clustering and power allocation de-
size. A heuristic algorithm was proposed|in [8] to dynaniical sign with downlink JP in traditional multi-cell networks.
select the directional cooperation links under a finiteacdly The queue-aware discontinuous transmission (DTX) and user
backhaul subject to the evaluation of benefits and costs;twhischeduling design with downlink CB in energy-harvesting
cannot completely eliminate the undesired interferencéasmulti-cell networks was proposed in [16]. A queue-weighted
the full cooperation case. Both reweighiedl norm minimiza- dynamic optimization algorithm using Lyapunov optimipati
tion method and heuristic iterative link removal algorithmapproach was proposed 6 [17] for the joint allocation of
were proposed in[[9] to reduce the user data transfer \@abframes, resource blocks, and power in the relay-based
the capacity-limited backhaul effectively by dealing witte HetNets. However, all these works focus on queue-aware
formulated cooperative clustering and beamforming proisle resource allocations in homogeneous networks or HetNets
which, however, are suboptimal and still suffer from a signi without the consideration of the imperfect CSIT. Therefore
cant performance loss. A backhaul cost metric considehieg tthe solutions cannot work in the C-RANs with the practical
number of active directional cooperation links was adojited challenges of imperfect CSIT and non-ideal capacity-kuhit
[10], where the design problem is minimizing this backhadtonthaul links.
cost metric and jointly optimizing the beamforming vectors
among the cooperative BSs subject to signal-to-interfaxen
and-noise-ratio (SINR) constraints at UEs. To make a flexibP-
tradeoff between the cooperation gain and the backhaul conTo the best of our knowledge, there are lack of effec-
sumption, a rate splitting approach under the limited baakh tive signal processing techniques and dynamic radio resour
rate constraints was proposed [n|[11], where some fractioranagement solutions for delay-sensitive traffic in C-RANs
of the backhaul capacity originally consumed by JP could e optimize the SE, EE and delay performances, which still

Main Contributions
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gain and fronthaul consumption will be elaborated in this ' Traffic Queves
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ment with feature of queue-awareness to maintain good delay N ‘“u,_n}‘(< ) Se
performance for delay-sensitive traffic in stochastic CNRA Fronthadl e oo i.
will also get studied in this paper. The major contributiafis o UE2

this paper are as follows.
. . _Fig. 2. Workflow of resource allocation fav/ = 2.
o To allow a flexible tradeoff between cooperation gain

and average fronthaul consumption, the H-CoMP scheme
is proposed for the delay-sensitive traffic in C-RANSection V. The performance evaluation is conducted in gecti
by splitting the traffic payload into shared streams andl and section VII summarizes this paper.
private streams. By reconstructing the shared streamdNotation1: (.\)” and (.)* stand for the transpose and
and private streams and optimizing the precoders apg@njugate transpose, respectively. stands for the pseudo-
decorrelators, the shared streams and private streams igxgrse. Besidesdiag(p) denotes a diagonal matrix formed
be simultaneously transmitted to obtain the maximu®y the vectorm.
achievable degree of freedom (DoF) under limited fron-
thaul consumption. Il. SYSTEM MODELS
« Motivated by [18], to minimize the transmission delay To optimize performances of downlink C-RANs, the trans-
of the delay-sensitive traffic under the average power andssion model, traffic queue dynamic model in the medium
fronthaul consumption constraints in C-RANs, the queueccess control (MAC) layer, and the imperfect CSIT assump-
aware rate and power allocation problem is formulatdibn in the physical layer are considered in this section.
as an infinite horizon average cost constrained partially
observed Markov process decision (POMDP). The queug&- Transmission Model
aware resource allocation policy is adaptive to both QSI The transmission ofM delay-sensitive traffic payloads
and CSIT in the downlink C-RANs and can be obtainegh gownlink C-RANs with M/ RRHs is considered. Denote
by solving a per-stage optimization for the observed, — {1,2,...,M} as the UE set and = {1,2,..., M}
system state at each scheduling frame. as the RRH set within the CoMP cluster. An example of
« Since the optimal solution requires centralized imples_.RAN with M/ = 2 is illustrated in Fig. 2. The inter-tier
mentation and perfect knowledge of CSIT statistics angerferences amongst the RRHs and MBSs are controlled by
has exponential complexity w.r.t. the number of UES, theatiing the maximum allowable power consumption of each
linear approximation of post-decision value functions inRRH indicated by the MBSs through the X2 interfaces, while
volving POMDP is presented, based on which a stochasfj intra-tier interferences in C-RANs can be eliminated by
gradient algorithm is proposed to allocate power anghplementing the CoMP. Each RRH and UE are equipped
transmission rate dynamically with low computing comgith N, and N, antennas respectively, wheidN, > N, >
plexity and high robustness against the variations and U/ — 1)N,. Within the coverage of each RRH, a served UE
certainties caused by unpredictable random traffic agivalyists and it can also be cooperatively served by the other
and imperfect CSIT. Furthermore, the online learningrHs according to the following proposed H-CoMP scheme.
algorithm is proposed to estimate the post-decision valyg this paper, the scheduling is carried out in every frame

functions effectively. indexed byt and the frame duration is second.
o The delay performances of the proposed H-CoMP and

queue-aware resource allocation solution are numericafly Tyaffic Queue Dynamic Model

evaluated. Simulation results show that a significant de- _
o promane gan canbe scheve n e onna e, A1) © (1) u(1) derte e dobal 05
constrained C-RANs with H-CoMP, and the queue—awaEe ) d P

resource allocation solution is validated and effective du eginning of scheduling frame There will be random packet

to the adaptiveness to both QSI and imperfect CSIT. Fua}[rival Ai(t) after G (t) bits are successfu-lly received by UE
ther, the stochastic gradient algorithms can improve tltlleat the end of fra'".”ef' The randlom a_lrrlval prO(_:esai(t)_ .
iS supposed to be independent identically distributedd]i.i

glegliﬁtﬁgrﬁzr?si/rxgtsogégﬁ;Ccaclg\'/eigg dthe online Iearnlnoq/er scheduling frame according to a general distributidh w
' meanE{A4;(t)} = \; and independent w.rit Furthermore, the
The rest of this paper is organized as follows. Section $tatistics ofA;(t) is supposed to be unknown to the BBU. The
describes the system model and section Il gives the desigmeue dynamic of UE is then given by
of H-CoMP scheme for the downlink C-RANs. The queue- .
aware resource allocation problem is formulated as POMDP Qi(t +1) = min{[Qi(t) - G:()]" + 4i(8), No}, (1)
in section 1V and a low complexity approach is proposed where[z]" = maz{x,0} and N is the maximum buffer size.



IEEE SYSTEMS JOURNAL 4

. TABLE |
C. Imperfect CSIT Assumption COMPARISON OFACHIEVABLE DOFS OF DIFFERENT SCHEMES
. N»-X Ny i
Le'F _Hﬂ(t) eC 'denote the complex channel fading T S FrevahE DoF
coefficient between RRKand UE; at framet and letH (¢) = CB-CoMP =D~ N N
{H,i(t) : j € M,i € N'} denote the global CSI. Especially, JP-CoMP N,
every element oH ;;(¢) is supposed to remain constant within H-CoMP {(M —1)Lwm,n;, N, + Nry oo, MN- }

a scheduling frame but be i.i.d over scheduling frame. The
perfect knowledge of CSl is assumed to be only obtained by
the UE while the imperfect CSIHL = {H;;(t) € C¥*N :  should be satisfied. With the traffic streams splitting, the
j € M,i € N} is obtained by the BBU pool. The rank of bothproposed H-CoMP allows a flexible tradeoff between the co-
Hj; andH}; is assumed to bevin{N,, N;}. Furthermore, the operation gain and the fronthaul consumption. The achlevab

imperfect CSIT error kernel model is given by [19] DoFs of different schemes are compared in table I.
. ) Specifically, whenL; ;) + L; sy = N, the maximum DoF
Pr[H;;|H;;] = exp(_M% (2) of M N, M can be achieved by the H-CoMP scheme, and when
T0ji Oji L p)y = Lu N, N, the fronthaul consumption is minimized.

which is caused by duplexing delay in time division duplex Although the shared streams and private streams are su-
(TDD) systems or quantization errors and feedback latenpgrimposed in the downlink transmission of C-RANS, it is
in frequency division duplex (FDD) systems. The abovpossible to eliminate the interference at RRHs and recover
oji € [0,1] indicates the CSIT quality. Whea;; = 0, we both of them at UEs by constructing the private streams
haveflji = Hj;, which corresponds to the perfect CSIT cas@nd shared streams and designing optimal precoders and
Whenoj; = 1, we haveFL;;H, = 0, which corresponds to decorrelators.
the no CSIT case. Let s, € Cleox! ands(, € CF@m*! denote the
shared streams and private streams respectively, wherg
I1l. HYBRID COMP SCHEME and L(;, are the number of shared streams and private

With the limited fronthaul capacity, the maximum achiev§treams' To facilitate the implementation of H-CoMP, the

able DoF can be obtained by separating the traffic paym%\aTEd streams and private streams are reconstructed by in-
for UE i into L. . shared streams.. .. and L. rivate serting zero vectors as follows respectively

(4,8) (4,8) (4,p) p
streamss(; ) and simultaneously transmitting them with opti-
mal precoders and decorrelators, that is the hybrid CoMP (H-
CoMP) scheme. More specifically, the H-CoMP allows shared
streams to be shared across the RRHs with the CoMP cluster S(i,p) = {leL(w,sap)}T. (6)
by multiple delivery through capacity-limited fronthairhks.
Meanwhile, the H-CoMP makes private streams remain private| et W, ., € CMNex(Leo+Lamn) and W(i_p) c
to certain RRH and the precoders are jointly calculated @t tRyNex(Li: )+ Li..)  denote  the precoders  for  the
BBU pool to eliminate the intra-cluster interference. Ter roconstructed  shared  streams  and  reconstructed
fore, the cooperative transmission of shared streamsmeuyiyate  streams of UE i  respectively.  Define

S(i.s) = {8(i.09 Ox iy 1 (5)

significantly more fronthaul consumption than the coortéda ', _ . 1 [l

transmission of private streams does. In the following sabs Ais = diag( V Pisy oo Pis) Otxty) - @NG

tions, the traffic streams splitting model, precoder caltah Ay = diag(Oixr,., P(l. yooos P(L.“')P)) where
, i,8) 7 7,p Y I i,p ’

and decorrelator calculation with the perfect CSIT will bqg( ) and P, denote the transmission power of each
7,8 ,p

shared stream and private stream for UEespectively. Then
the received signal vectay;, ¢ CN~*1 at UEi is given by

thoroughly elaborated.

A. Traffic Streams Splitting Model

To make a flexible tradeoff between the cooperation gain ri = HiW(i o AG9)86.s) + HiW i p) Aip) S (7)

and average fronthaul consumption, the number of shared the desired signals for UE i
streams and private streams should be determined with the X .
. o . H, W gA¢ o8¢
traffic streams splitting model. With the perfect CSIT, tleee + ; LG 5950)
forcing (ZF) precoder and decorrelator designs are addpted d
both shared streams and private streams. In this situadion, the interference from shared streams
most Ly n, N, = Ny — (M — 1)N, private streams can be + ZHijW(jyp)A(jyp)é(j,p) +n;,
zero-forced at RRH to eliminate interference to UE # 1, i
I.€. I <1 (3) the interference from private streams
(i,p) & LM Ny, N,.-
R . . N.xMN; j _
Furthermore, to fully recover thé; ,, private streams and whereH; = [ Hi Hiv ] € C ' is the aggre

gate complex channel fading coefficient vector from e
cooperative RRHs to UE, and n; is the zero-mean unit
Lpy+ Ls) < Nr (4) variance complex Gaussian channel noise atiUE

L(; ) shared streams at UE the constraint
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B. Precoder and Decorrelator Calculation for Shared Stream\?(i,p) = {ONTXL@;,SV gp)L“ ”)H, e ’VéV})}' Furthermore,

The optimal cooperative precoder at thé RRHs and the the decorrelatoni)p) is given by the last; ,,, columns of
decorrelator at UE; should be designed to maximize theU; ,) as follows
mutual information of shared streams and to eliminate the

~ Ny—Lg +1
interference imposed on all the other UEs (YE# i) as Ul = {0, L Wy 7 ui M (13)
follows Then the recovered; ;) private streams are given by the last
{W?‘ 5 UL S)} =arg max log,det]l + L; )y rows of U* r;.
W) Ui 3 Remark1: (The Interference Nulling Between Shared
U(iﬁs)HiW(iﬁs)WH HHUfS>] Streams and Private StreajnAlthough the interference
ot ij(i,s) _o. ®8) nulling constraints are not explicitly imposed, the inézeince

between shared streams and private streams afcai be still
Therefore, the precoder have the form of eliminated due to the fact th&f” W ; ,)A(; )8, = Oand
U* W 0Au.83.s) = 0.
X 7% o (i,p) (7’73) (7’73) (7'73)
Wi o =Fi9 Vs 9)

where F(; ;) € CMNx(MNe—(M-DN:) js given by the D. The Power Consumption and Transmission Rate

orthonormal basis ofnullspace([H{,--- ,H] |, H] 1,---.  To support the cooperative transmission @th shared
HI]"). Let HiF,, = U, Sq oVl be the stream fromM RRHs to UEj, the power contributed by
singular value decomposition (SVD) ? equivalenkRRH i is given by pa . where Pe. 0 denote the to-
channel matrix H;F(; ), where the singular valuestal power to trarlsmlt t¥1 shared stream to UE and

in X;, are sorted in a decreasing order along th,ga o= ZinIH (J S)](( CONite, |2 denote the contribu-

diagonal, V; ;) € CON—MDNOx(aotlon) s t|on by RRH i. To support the coordinated transmission of
then given by the f'rStL(z s) columns of V) as .th private stream from RRH to UE i, the power ofP¢

V(l s) = {v (irs)? " (Z S) ,O(MNt (M—1)N., )XLW)} is needed. Therefore, with the proposed H-CoMP scheme the
Furthermore, the decorrelatbf*m is given by the firstZ; ,, total transmit power consumptlon at RRHs given by

columns ofU ) as follows La, Y p L, 9 p
P = Z 717) Z j=1 Z (J S)p(J i) (14)

In practice, both the precoders and decorrelators are-calcu
Then the recoverefl; ) shared streams are given by the firdated at the BBU pool with the imperfect CSIT, which will
L, rows of U7 r;. cause uncertain residual interference to the recoveredras.

By treating the uncertain interference as noise, the mutual
information ofa-th shared stream af, ., UE i is given by

CT% _ 1 L(1 s)
U('L,s) - {u(ivs)’ ’ (z s) ’ONTXL(l p>} (10)

C. Precoder and Decorrelator Calculation for Private

Streams C(z s) — 1Og2(1 + (p(z S)P(Z s)/(l + I (@ s))) (15)
The optimal coordinated precoder at RRHbr the private _
streams of UE and the decorrelator at UEshould be de- Wherey?; | = |Uf, JH;W?, |2, U‘(ﬂ o andWe, | is thea-

signed to maximize the mutual information of private streanth row of U* anda th cqumn of W* respectively,[ G.5)
and to eliminate the interference imposed on all the othes UE the re5|c5ual interference mcurreé by the imperfect CSIT

(UE j # i) as follows The mutual information ofi-th private streans?, i of UE ¢
W B loge det ] is given in a similar way. Due to the uncertainties of mutual
(Wi, U, = O Ty T2 [+ information, the data rate successfully transmitted to U&
~ ~ ~ iven b
U H Wi,y W mEOH | VN
s.t. Hjiw(i,p) =0. (11) Gi = (Ri,9)1(Rs) < Clivsy) + Riip) LR py < C(i,p))();:é)
Therefore the precoder has the similar form of whereC(; 5) = ZL“ ) Ct o andCip) = ZL“ ) Clp are

W .V (12) the mutual information for shared streams and private istsea
(ip) = 7 (bp) ¥ (Ep) respectively.RR(; ;) and R; ,, are the allocated data rate for
where F (ip) - [ON, x (N~ Larny 0, )» Fipy] - @nd shared streams and private streams of UBspectively.

Fi, € CNxlmnone is given by the orthonormal

basis of nullspace((H, -~ ,HL ., HY, ,,--- HT.]"). |V. FORMULATION OF QUEUE-AWARE CONTROL PROBLEM

Let HiiF(ip = U(i,p)z(z,p_gv(l,p) be the SVD of 15 meet the urgency of the delay-sensitive traffic payloads

equivalent channel matrixt;;F;,), where the singular and reduce the occurrence of packet transmission failure in

values in X, are sorted in an increasing ordethe downlink C-RANs, the queue-aware resource allocation

along the diagonal, \7(1-,,,) e CN->TaotLan) is  problem based on the observed system states (QSI and CSIT)
then given by the lastL(;, columns of V( , as wil be formulated in this section.
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A. Feasible Stationary Control Policy users, the queue-aware resource allocation problem with av

Considering the inter-tier interference imposed by RRH¥29€ power consumption constraints and average fronthaul
and the energy efficient transmission of delay-sensitiaé tr consumption constraints can be formulated as the following

fic, the feasible resource allocation policy should satibfy problem. _
following average power consumption constraints Problem1: (Queue-aware Resource Allocation Probjem

T
. T 1 Q Qz
minD(B,Q) = lim sup- ;ZIE [EM ﬁz)\_i] (20)
s.t. the constraints (17) and (18) for each RRH,

T
. 1 &, ,

Pi(Q) = lim sup ;E [Pi()] < PP, (17)
whereE* indicates that the expectation is taken w.r.t the mea- Qi - L L ,
sure induced by polic§2, P (t) is the total power Consumptionwhere theA—;‘ in oblject'|ve function is the average traffic delay
of RRH i to support the H-CoMP transmission, aft"® cost for UE: by Little's Law. , .
is the maximum average power consumption indicated by VIt the average power consumption constraints and av-
MBSs. Furthermore, by varying the maximum average pOWg;age fronthaul consumpuon constraints in Problem 1, the
consumption of each RRH, cross-tier interference could §§currence of extreme instantaneous power and fronthaul

well controlled to maintain desirable average QoS requémgm c_onsump'gon tends to be |mp05_5|ble. l_:urt_herm(_)re, the fea-
for macro UES. sible stationary resource allocation policy is defined oa th

It is worth noting that compared with the fronthaul Conpbserved.syztem S_t?ltssz {Q’I({j}MEh: rggrl\(jl,DpF:;) b;%m 1r:S h
sumption for traffic payload sharing, that for signalingikety a constrained partially observe ( )[20], whic

is negligible. Due to the capacity-limited fronthaul link&C- will be solved by the following general approach.
RANSs, the feasible resource allocation policy also shoald s
isfy the following average fronthaul consumption consttai C. General Approach with MDP

1 I Using the Lagrange duality theory, the Lagrange dual func-
RZ(Q):TZT;LOSUPT > B[Ry (H)+> Ry (H)] <R, tion of problem 1 is defined as
J

t=1

(18) T
whereR; ;) (t) + > _;cq Rijs) () is the total data rate to be 7.y — 1in 1, QSN = lim sup~S"E2 S
delivered to RRchjroughthe fronthaul link connecting RRH () =min L(B,7,9(8)) = lim, pT; l9(8,7, S
i to BBU pool, andR;"** is the maximum average fronthaul ) (21)
consumption. where g(3,7,Q(S)) = Z (gi%)Jﬂ(iﬁp) (P; — Pmax) +

With the aforementioned resource constraints, the feasibl

. f __ pmax) j ! _
stationary resource allocation policy for C-RANs is defired Vi.r) (B — BP™) is the per-stage system cost andp) and
follows. vi,r) are the non-negative Lagrange multipliers (LMs) w.r.t

Definition 1: (Stationary Resource Allocation PolijcyA the power consumption constraints and fronthaul consumpt
; ) . NPT constraints. Then the dual problem of problem 1 is given by
feasible stationary resource allocation poligy(S) =

{Qr(S),2p(S)} is a mapping from the global observed max., J(7). (22)
system stateS = {Q,H} instead of the global system . . _
where Qp(S) = P, P(l{ J il <a<Liyl<bs< is generally nontrivial. To substantially reduce the globia-
%,p)’ %,8) ° — — ,p) s s . . .
. & . served system states space, the partitioned actions anediefi
éc()i’v;()evrl aell é\c/:[a}tiggdp%ﬁc(s )a:d{fz(tzép)élﬁ(ég%i ori onl\i/g/ 2Leb;2§ as f0||OW); with the i.i.d.p property F(;f the CSIT.
Definition 2: (Partitioned Action} Given the stationary re-

average power consumption constraints and average fnantha ) . - &y )
consumption constraints. source allocation policy?, 2(Q) = {Q(S) : VH} is defined

Given the feasible stationary resource allocation policg/S th_eblcocllzesti'fll_([z{ns of power anglrat?hallofcatug)zn_acnonsl I;or a
Q(S), the induced random process = {Q,H,H} is a ossIv'e on a given QSIQ, therefore(? is equal to

controlled Markov chain with the transition probability aéhe union qf a_II pgrt|t|oned actpns. ".@ - UQQ(Q).'
As the distribution of the traffic arrival process is unknown

follows to the BBU, the post-decision state potential functiondnst

Pr{S(t+1)|S(t),S(t))} = Pr{H(t+1), H(t+1)} of potential function will be introduced in the following
Pr{Q(t+1)[S(%), Q(S(t))}. (19) g}eé)c;er[nz{;) derive the queue-aware resource allocatiocypoli

Apparently, the queue dynamics of tiié UEs served by Theorem1: (Equivalent Bellman Equatign

C-RAN are coupled with each other Vi&(S(¢)). (a)Given the LMs, the unconstrained POMDP problem can be

solved by the equivalent Bellman equation as follows
B. Problem Formulation 0 = P i
UQ+6=7_, Pr(A) ming(8,7,Q, Q)

With the positive weighting factor$s;} ,which indicates ~, ~,
the relative importance of delay requirement among Afe +ZQ/ Pr{Q'Q, Q(Q)}U(Q"),  (23)
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where ¢(8,7,Q,2(Q)) = E[g(ﬁ,%p(é)ﬂQ] is the per-stage cost function); = min{Q; + A;, N} is the pre-
conditional per-stage cost andPr{Q'|Q,Q2(Q)} = decision state an@; = (Q; — G;)' is the next post-decision

E[Pr[Q'[H, Q,(S)]|Q] is the conditional average transitionstate. The optimality of linear approximation is estalgislin
kernel, U(Q) is the post-decision value functioQ is the following lemma.

the post-decision state an@’ = (Q—G)* is the next  Lemmal: (The Optimality of Linear ApproximatiorThe

post-decision state, wher®@ = min{Q + A,Ng} and linear approximation is optimal only when the CSIT is petfec

G={G;:ie Mj}. - which means the interference is completely eliminated Wwlith
(b)If there exists uniquey, {U(Q)}) that satisfied(23), then CoMP scheme, therefore, the queue dynamica/ofJEs are

0= gl(g)LE[g(ﬂ,% Q. 2(Q)) is the optimal average per-stagejecoupled.
cost for the unconstrained POMDP and the optimal resource Proof: Please refer to Appendix B. [ |

allocation policy$2 is obtained by minimizing R.H.S of (23). Generally, the error varianeg;; of the imperfect CSIT can
Proof: Please refer to Appendix A B not be large, therefore the linear approximation is asytipto
Remark?2: (The Zero Duality GapAlthough the objective cally accurate with sufficiently small error variance of TSI
function of problem 1 is not convex w.rt the stationary Remark4: (The Computing ComplexjtyWwith the linear
resource control policy, the duality gap between the dughproximation, the calculation of the post-decision valure-
problem and primal problem is zero when the conditiofions in BBU pool is alleviated from exponential complexity

Theorem 1 (b) is established, which implies that the prim@j((NQ +1)M) to polynomial complexityO((Ng + 1)M).
optimal resource control policy can be obtained by solving

the equivalent Bellman equation of the dual optimal problem
Remark3: (The Computational ComplexjtySolving the

equivalent Bellman equation involve¥o”’ 4 1 unknowns B. Low Complexity QAH-CoMP Policy

(6,{U(Q)}) andNo™ nonlinear fixed point equations, which

means exponential state space, enormous computational conYVith the combination of the linear approximation and
plexity and full knowledge of system states transition profgduivalent Bellman equatioh (23), the QAH-CoMP policy can

ability in (I9). Therefore, a low complexity solution base@® ©Ptained by solving the following per-stage optimizatio
on linear approximation and online learning of post-deisi for every observed system state, which is summarized as the

value functions will be further studied. following corollary.
Corollary 1 (Per-Stage Optimization)with the observa-

tion of current system states, the per-stage optimizatson i
r%iven by

V. Low COMPLEXITY APPROACH

In this section, to substantially reduce the enormous co
puting complexity in centralized BBU pool, the linear apgro . . BN o A _ N N N
mation of post-decision value functions is utilized, updmiah < (S)={Qp(S), QR(S)}:ar%P(glgR(sF(S’QP(S)’ Qr(S)),
a stochastic gradient algorithm is proposed to obtain th&lQA 7 (26)
CoMP policy and an online learning algorithm is proposed @here B(S, Qp(S), Qr(S)) = X {76 Pivi,r) (Riip (t)

ieM

estimate the post-decision value functions. i€
+2_ R (1) + E[1(i,6) 1) (Ui(Qk — TR(i,) =T Ryip))

J
A. Linear Approximation of Post-decision Value Functions —Ui(Qk — TR p)) — Ui(Qr — TR(is)) + Ui(Qk)) +

The linear approximation of post-decision value functigns E[Li)(Ui(@r — mRis)) — Ui(Qk)) + ELip)(Vi(Qk —

. : i — Ui(Qk))} is the per-stage objective,
defined by the sum of the per-queue value functions as follows ( »)
1] Lip = URip) < Clp) and1lip) = LR < Cli)

are the indicator functions.
U(Q) ~ Z Ui(@i)a (24) The per-stgge optim_ization abovg i_s intractable due to that
eM the expectatiorE required the explicit knowledge of CSIT

whereU;(Q;) is the per-queue post-decision value functior@Tors in BBU pool. To deal with this challenge, the per-stag

which satisfies the following per-queue fixed point BellmafPtimization problem can be solved by the following stoticas
equation gradient algorithm[[22].

- 0 Pr(A , 0 Algorithm 1: (Stochastic Gradient Algorithm
Ui(Qi)+0i _ZAi r( i)g%’%[gi(ﬁ“%@’ i) At each framet > 1, the queue-aware power and rate
~ ~ allocations for each UE can be obtained as the followin
+D 5 Pr{QiQn 23U (@) (25) g

iteration
o L,s) . . R
whereg; (8, 7i, Qi, %) = E[B; 3 + (i, p) ( 21 PéoPlia T+ ef(Sy) = [e871(Si) — et — D)d(eH(S))] T, (27)
Li,p) L, s
> Ph, — PP+ X vue 2 PigBh + whereq(t) is the step size satisfying.(t) > 0,3, 7. (t) =
a=1 M, #1 a=1

JEMIF - 2 dd(et(S;)) is the stochastic gradient
i my (R (8) + R(; o (t) — R™¥)|Q,] is the per-queue 00,32 (7e(1))” < oo andd(e;(S:)) e St gre
6R) (Rii) () jeZM G () = RIQ4) perd w.rt power and rate allocation, which is summarized as
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follows Step1 (Initialization): Set ¢ = 0, the per-queue post-
9B(8,2p(8),Qr(8) _ . Ohi(8,9p(8),Qr(8)) decision value function§U?(Q;)} and LMS{"y?i P),”y?i R)} >
COFG,, 6P * OPG . 0 are initialized at the centralized BBU pool. 7
aB(S"%}}(aS)’QR(S)) =Y6,P)Plis T ahi(s’%l;(as)’”l*(s)) Step2 (Queue-Aware Resource Allocation At the begin-
o) + ’7 Pl o ning of the¢-th frame, given fixed{n;(n)}, the queue-aware
igigep OPI ) power and rate allocation for downlink H-CoMP transmission
9B(8,2,(8).2r(8)) _ . 9hs(8,2r(8),Qr(8)) " are determined at the BBU pool using the stochastic gradient
IR (i, p) VR Ri,p) i i
9B(8,2r(8),2r(8)) _ ohi(8,2p(8),Qr(8)) algorithm in [28). .
R (i =76.Rr) T DR (i p Step3 (Online Learning of Uf“(Qi)): With the obser-
+ ;éz “ Y. R) vation of post-decision QSIQ;} and pre-decision QS|Q;},
JFLJE ~

(28) the per-queue post-decision value functi@f(@;) is online
where hi(g,ﬂp(g),QR(g)) = 144 Ui(Qk — TRs) — learned at BBU pool{30) for each traffic queue as follows

Ui@k)) + 1apnWUiQk — TRap) — UiQk)) + ytl@,)  =UYO:) + Cu®)]gi(4t, i, P Ry + ULQ: — Uy)
Li.0)1(6.p) (Ui(Qk = TR(1.0) = TR(ip)) = Ui @k = TR(i.5)) — —UHQY) — UL(Q))] (30)
Ui(Qr — TR(i,p)) + Ui (Qr)). i\ i i)l

WhenH = H, there is no interference under the H-CoMP Step4 (Update Of{vfﬂla)ﬁf%)})i With the observation
with perfect CSIT, andi(e!(S;)) is deterministic instead of ST 41 41
stoch%stic Using the stE’;m((JIar)d) radient update arguntent of power and rate allocation, ther; p)} and {7(;p} are

_ ' 9 9 P 9 » lpdated according to eG{31) and @].(32) at the BBU pool for
gradient search CONVerges to_a local optlmumtg& °°- the power consumption constraints and fronthaul consumpti
Therefore, the Algorithm 1 gives the asymptotically Iocaéonstraints respectively
optimal solution at small CSIT errors, which means that the ’
explicit knowledge of imperfect CSIT is unnecessary and it i 7&.*_113) = [»Y@_P) + () (P — PP, (31)
robust against the uncertainties caused by imperfect CSIT. ' '

Remark5: (Feedback-Assisted Realization of Algorithin 1 01 — 1t ¢ (£) (R (8)+ R(; 5 (t)— B2+
The calculation of stochastic gradiedf{28) in BBU pool """ (LR > ) ZJGM ) (32)

requires some iten_15 rege_lrding the indi_cgtor functid@,ss)_ Step5 (Terminatior): Sett — ¢+ 1 and continue to step 2
and}(w) and the differential of post-decision value functlonﬁm" certain termination condition is satisfied.

U, (Q;). At each frame, the indicator functions are unknown The (. (t) and¢, (¢) in step 3 and step 4 is the iterative step

by BBU pool and have to be fed back from UEs, which i§j;¢ of nost-decision value functions and LMs respectivedy

feasible due to that there are existing built-in mechanisms,ke sure the convergence of iteration, they should satisfy
in wireless networks for these ACK/NACK feedback from.,qitions as follows [24]: '

UEs. In addition, since there is no closed-form expression o
post-decision value functiol, (Q);), its differential can be

estimated as follows Gu(t) >0, Zt Cu(t) = o0, (33)
U;(Qi) = Us( Qi) — Us(Qi — 1), (29) G(1)> 0,3 ¢ (1) = oo, (34)

where the online learning a‘[ﬂ-(@i) will be elaborated in next ) )

subsection. Zt ((Gu(®)™+(¢(#))7) < o0, (35)

C. Online Learning of Per-queue Post-decision Value Func- lim & (1) =0 (36)

tions t=00 Gu(t)

The post-decision value functions are critical to the deriv. Remark6 (Two Timescales of Iterationshe condition
tion of queue-aware resource allocation policy for C-RANg36) implies that the LMs are relatively static during the
which can be obtained by solvinyy fixed point nonlinear iteration of per-queue value functions. Therefore theatien
Bellman equations withVg + 1 variables. The offline calcu- of post-decision value functions and the iteration of LMs ar
lation requires the explicit knowledge of conditional aage done simultaneously but over two different time scales .[25]
transition kernel, which is infeasible. In this sectionftwihe It is a remarkable fact that the size of per-queue states(in
realtime observation of QSI and CSIT, the online learninigits) is still large. To accelerate the estimation of eachktpo
of per-queue post-decision value functions is proposeddastate value function, the per-queue QSI sp@gés partitioned
on the equation{25). Meanwhile, with the realtime resouréeto N regions as[(37)
control actions, the LMs are updated to make sure the average
power consumption constraints and average fronthaul con- Q; = N R (37)
sumption constraints are satisfiéd|[23]. The online leaymh n=1
per-queue value functions and the update of LMs at centdlizTherefore, the average value function w.rt each region is
BBU pool are described as follows. online learned instead, then the post-decision value inmoff

Algorithm 2: (Online Learning of Per-Queue Value Func-each state within the region can be estimated by interpolati
tions and Update of LMs method after each iteration.
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Fig. 3. Average packet delay vs. packet arrival rate, theimam fronthaul  gig 4. Average packet delay vs. maximum transmit powerptieket arrival
consumption isky™*** = 20Mbits/s, the maximum transmit power }™* (46 js)\; = 2.5 packets/s, the maximum fronthaul consumptioRg® =

= 10dBm. 30Mbits/s.
VI. PERFORMANCESEVALUATION 13 ; ‘ ; ;

In this section, simulations are conducted to compare the 1'257\ T~ IS:E_SSME
performances of the proposed QAH-CoMP with various base- TS
lines in C-RANs. The delay-sensitive traffic packet arrival 8 12
follows a Poisson distribution and the corresponding packe 2  (—
size follows an exponential distribution, which is a widely %1'15’ I~
adopted traffic model [18]. The mean size of traffic packet 8 1.} *><,
is 4Mbits and the maximum buffer size is 32Mbits. The CSI T
H,; is uniformly distributed over a state spage'~*"t and 2 o5y
the error variance of the imperfect CSIT 4s = 0.05. The AL
configuration of multi-antennas is given kW, = 5, N, = 2}
and the cluster size 9/ = 3. Therefore, with the stream 0.95 " e 13 14 15
splitting of the H-CoMP scheme, there are one shared strear Maximum Fronthaul Consumption(Mbits/s)

and one private stream to be transmitted for each UE. The toé% 5. Average packet delay vs. maximum fronthaul consionghe packet
bandwidth of simulated C-RAN is 20MHz and the schedulingial rate isx; = 2.5 packets/s, the maximum transmit powerHg** =
frame duration is 10ms. The noise power is -15dBm. 10dBm.

Three baselines are considered in the simulations: CB-
CoMP, JP-CoMP, and channel-aware resource allocation with
H-CoMP (CAH-CoMP). All these three baselines carry od¢AH-CoMP outperforms both CS-CoMP and JP-CoMP while
rate and power allocation to maximize the average systdhi¢ outperformance of CAH-CoMP is not so obvious with
throughput with the same fronthaul capacity and averag@lative enough fronthaul capacity. It can be observedttteae
power consumption constraint as the proposed QAH-CoMB.significant performance gain of the proposed QAH-CoMP
For the CB-CoMP baseline, the BBU pool calculates the costompared with all the baselines across a wide range of the
dinated beamformer for each RRH to eliminate the dominatifiggXimum power consumption.
intra-cluster interference. For the CAH-CoMP baseline th Fig. 5 compares the delay performance of the four schemes
proposed H-CoMP transmission is adopted, while the powwith different maximum fronthaul consumption. The figure de
allocation and rate allocation are only adaptive to CSIT.  picts the small fronthaul consumption regime, in which CAH-

Fig. 3 compares the delay performance of the four schenfesMP clearly outperforms both CS-CoMP and JP-CoMP,
with different packet arrival rate. The average packet yelavhich is contributed by the flexible adjustment of coopenati
of all the schemes increases as the average packet arriggel when the fronthaul capacity is limited. Note that the
rate increases. Compared with CB, the delay outperformarnf&CoMP has worse delay performance than CS-CoMP due
of JP weakens as the packet arrival rate increases, whicHaslimited fronthaul capacity at first but it eventually gets
due to the fact that the fronthaul capacity becomes relgtivgperformance improvement with increasing fronthaul cayaci
limited with the increasing packet arrival rate. Appargntl Similarly, due to the queue-aware power and rate allocation
the performance gain of QAH-CoMP compared with CAHQAH-CoMP substantially outperforms the three baselines.
CoMP is contributed by power and rate allocation with the Fig. 6 shows the convergence property of the online per-
consideration of both urgent traffic flows and imperfect CSIueue post-decision value functions(wR.{, size of which is

Fig. 4 compares the delay performance of the four schenezgual to mean packet si2¢;) learning algorithm. For viewing
with different maximum transmit power. The figure depictsonvenience, the post-decision value functions of thdidraf
the medium fronthaul consumption regime, in which JP-CoMfueue maintained for UE 1 is plotted with the increasing
outperforms CS-CoMP due to the higher spectrum efficien®f iteration step. It is significant that the learning comes
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0+U (Q)Zg(l}%[g(ﬁ,% Q. Q(Q))+)_ PrlQ'|Q,2(Q)U(Q)]
Q/
(39)

where U(Q) = E[U(S)|Q] = Y. Pr[H, H]U(S) and
H

BoR BN
5 @ ® 9
S & 9 ©
S S oS ©

1200

-
15
S
S

H
Pr(Q'|Q,2(8)] = E[Pr[Q'|Q, H.H,Q(3)]|Q]. Since here
we defined the post-decision Stafe whereQ = min{Q +
A, Ng}, the equivalent Bellman equation can be transformed
as the equivalent Bellman equati¢n](23) in theorem 1.
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Fig. 6. Per-queue Post-decision Value Functions PROOF OF LEMMA 1

With the perfect CSIT, there is no interference with
the H-CoMP scheme for C-RAN, which means that the
gueue dynamics for every UE are completely decou-
pled. Detailedly speakingQ; = @Q; — Gi(H,Q4(S))
VIl. SUMMARY is independent of @, and Q;(S) for all j # i

In this paper, an H-COMP scheme with correspondirfb“e to the nonexistence of interference, therefore we
precoders and decorrelators are designed for the downl’?ﬂé’?/ PriQ'1Q, Q(Q)] = [Lic PY[QHQ/’Q(Q)] and
fronthaul constrained C-RANs. Based on the proposed Hr(@:iQ, Q)] = Pr(Qj|Q:, 2:(Q)] = Pr[Q}]Qs, :(Qs)].
CoMP, a low complexity queue-aware power and rate alloc@PPOS&(Q) = >, v, Ui(Q:), by the relationship between
tion solution for the delay-sensitive traffic is then propos the joint distribution and the marginal distribution, wevha
using MDP and stochastic gradient algorithms. Simulation - PriO0.Q U
results show that the C-RANs with H-CoMP achieve more ZQ HQ1Q, 2AQIUQ)

extremely close to the final result after 1000 iterations.

_ - N/ (0
significant delay performance gains than that with CB-CoMP B 2o PrQ1Q, Q~(/Q)] %iGM Ul(@;) (40)
and JP-CoMP under the same average power and fronthaul =Yiem ZQZ Pr[QJQ, (Q)]Ui(Qi)
consumption constraints, where the performance gaingliarg =D iem ZQ;PY[QHQi, Q:(Q)Ui(Q7)

depend on the cooperation level of the proposed H-CoMP
under limited fronthaul capacity. Furthermore, comparéitth w
the CAH-CoMP, the remarkable delay performance gain

QAH-CoMP is also validated by the simulation results, Whicas
is contributed by the MDP based dynamic resource allocation

with the consideration of both QSI and imperfect CSIT. In _

the future, the theoretical analysis on the delay perforean Diem i 22 m Ui(Qs)

of the QAH-CoMP still remains to be an open issue, and the = >_ 5 Pr(A) min >,/ [9:(8s, vi; Qi, 2 (Q4))
real experiments would be desirable to further demonstnate Q)

It is obvious that  ¢(8,v,Q,Q(0)) =

ie]\,[gi(ﬁh’7i7Qiaﬂi(Qi))' Suppose9 = Z’LEM 97;, then
e equivalent Bellman equation ih_{23) can be transformed

. YO OA(OMNIT (O
effectiveness and applicability of the QAH-CoMP in frontha (a)+ >0 PriQilQ:, Q:(Q)]U:(Q7)] (41)
constrained C-RANS. =Y iem 2oa, Pr(4i) Qn%gl)[gi(ﬂi, i, Qi, :(Q;))
+ Yo Pr(Q]Qs, Qi Ui(Q;
APPENDIXA ZQi @ QU@
PROOF OF THEOREM1L where (a) is due to the independent assumption of the new

. . . . arrival processA;(t) w.r.t <. Therefore, we can have the per-
According to the Proposition 4.6.1 of [20], the suffi- ' . :
cient condition for optimality of problem 1 is that ther queue fixed point Bellman equation [1.{25) for each UE from

exists unique(d, {U(S)}) that satisfies the following Bell- he above equation.
man equation and/(S) satisfies the transversality condition
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